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Dissertation Abstract
Title: Extreme obesity among adults in the United States: spatial variation and the association
with mortality
Author: Carrie Mills
Chair: Katarzyna Wyka

Objectives: The purpose of this dissertation was to create small area estimates to describe and
explore the county-level spatial variation of extreme obesity among adults in the United States
and to assess the county-level association and spatial variation of extreme obesity and mortality.

Methods: The Behavioral Risk Factor Surveillance System was used in conjunction with data
from the Census Bureau to estimate county-level model-predicted prevalence of extreme obesity
using multilevel regression and poststratification. Spatial dependence of estimates was assessed
using global Moran’s Index, and local Moran’s Indices were used to identify clusters of higher
and lower rates of extreme obesity and to map significant clusters of counties. Then, the study
examined the association between extreme obesity and age-adjusted all-cause mortality using
ordinary least squares regression, the spatial error model, and geographically weighted
regression. Throughout the study moderate obesity was assessed for comparison.

Results: County-level prevalence of extreme obesity ranged from 1.3% to 15.7%, showing more
variability than evident from state-level analysis. Moran’s Index for extreme obesity was 0.35,
indicating the distribution of prevalence of extreme obesity was spatially clustered. There were
significant clusters of high prevalence of obesity in several regions including the Mississippi
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Delta region and the Southeastern Coastal Plains, and significant clusters of low prevalence in
the Rocky Mountain region and the Northeast. Both extreme and moderate obesity were
positively associated with mortality rates after controlling for covariates and the association was
stronger for extreme obesity. One unit rise in prevalence of extreme obesity was associated with
increased 8.4 mortality rate (SE=1.07, p<.0001) while one unit rise in moderate obesity was
associated with an increase of 6.1 (SE=0.45, p<.0001). There was significant spatial
heterogeneity in the association between extreme obesity and mortality (IQR 1.60-14.35, p for
spatial non-stationarity <.001).

Conclusions: County-level prevalence estimates of extreme obesity indicated substantial
variation across the United States and demonstrated spatial dependence. Geographical
prevalence patterns were similar for moderate and extreme obesity though many individual
counties had an uneven distribution of prevalence by obesity group. Hot spots were identified
indicating clustering of high prevalence of extreme obesity. Extreme obesity was more strongly
associated with mortality than was moderate obesity and the association displayed significant
spatial heterogeneity. This study highlights the importance of disaggregation by obesity class and
local geographies in ongoing obesity research.
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Chapter 1: Introduction
1.1 Extreme Obesity in the U.S.
As the obesity epidemic enters its fifth decade in the United States, recent estimates indicate that
the prevalence of obesity among adults has reached 37.7% in the United States.1 The population
with class III, or extreme, obesity (body mass index (BMI) ≥40 kg/m2), has increased
dramatically over the course of the obesity epidemic, from 2.9% in 1988-1994 to 7.7% in 201516.2,3 Further, the proportion of those with extreme obesity among the obese has increased. In the
early 1990s, 12.2% of obese persons were extremely obese and by 2013-14, that percentage had
risen to 20%.2

The high rate of extreme adult obesity is likely to not only continue but to increase. Annual
incidence of extreme obesity was most recently estimated to be 0.7%.4 Additionally, obesity in
adolescence has been found to lead to an increased risk of extreme obesity in adulthood.5 Recent
estimates indicate that 17.3% of children and adolescents in the US are obese, 2.1-5.8% are
extremely obese, and that rates of extreme obesity among children and adolescents have
increased when compared to previous years.6,7 Given the increasing prevalence of both obesity
overall and of extreme obesity specifically, it is urgent to conduct more research that
disaggregates obesity in order to better understand differences in both the epidemiology and
morbidity and mortality by class of obesity.

1.1.1 Rationale for a Graded Classification of Overweight and Obesity
While obesity overall has been the focus of extensive research, much less is known about
extreme obesity, or about differences within the classes of obesity generally. A seminal 2000
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report on the prevention and management of the obesity epidemic by the World Health
Organization (WHO) calls for a graded classification of obesity.8 While the majority of
epidemiological studies focus on those with obesity as a single group, the WHO identified four
reasons why a graded classification of obesity is useful, including the ability to make
comparisons of weight status within and between populations and to identify those at increased
risk of morbidity and mortality.8 A small but growing body of literature regarding variation in
prevalence of extreme obesity by sociodemographic factors has described differences by age,
sex, and among women, race/ethnicity.1,9,10 Differences have also been noted by income,
insurance status, and education as well as nativity and immigration.9,11,12 Given the increasing
prevalence of extreme obesity, more research is needed to explore the epidemiology of and risk
associated with very high BMI levels.

1.2 Extreme Obesity and Mortality
For four decades there has been an overall decreasing trend of age-adjusted mortality rate in the
United States.13 However, beginning in 2010 there was attenuation in the declining rates,
particularly among causes of death including heart disease, stroke and diabetes, and the Centers
for Disease Control and Prevention (CDC) reported that in 2015 the country’s overall mortality
rate significantly increased for the first time since before 2000, corresponding to a decrease in
life expectancy at birth.13,14 While the overall age-adjusted death rate then decreased from 2015
to 2016, this decrease was driven by lower mortality rates among the elderly while most other
age groups again experienced significant increases in rates.15 Thus, we appear to be in a new era
where we may expect to see either a continued leveling or increase in mortality, and where
exploration will be needed to understand the different elements leading to these changes.
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One hypothesis addressing these changes in mortality posits that mortality trends are displaying
(and will continue to display) a delayed effect of the obesity epidemic.16 Studies have set out to
quantify the impact of obesity on mortality rates as well as to compare differences among rate of
decline by cause-specific mortality, finding obesity as a distinguishing factor in differences
between a decrease in cardiovascular-related mortality relative to other types of mortality.17,18
Obesity’s effect on mortality rates arrives after and threatens to undo a string of public health
successes and progress of health care.19

There is substantial research demonstrating morbidity associated with overweight and obesity,20–
22

and extreme obesity is generally understood to be associated with an increased burden of

morbidity and mortality. In a meta-analysis examining findings from over twenty studies,
extreme obesity conferred a hazard ratio for risk of death that was 2.6 relative to normal weight,
and excess years of life lost ranged from 6.5 to 13.7 years.23 Obesity and extreme obesity have
been demonstrated to specifically increase rates of cancer-related mortality.24,25 This association
becomes more pressing given recent findings indicating that incidence rates of overweight- and
obesity-related cancers have been increasing while rates of cancers not related to overweight and
obesity have decreased; in 2014, 40% of all cancer diagnoses were attributed to overweight- and
obesity-related cancers.22 However, while extreme obesity has been shown to have a greater
effect on morbidity and mortality relative to lower classes of obesity, studies have yet to flesh
out the complete epidemiology of extreme obesity, or obesity by class generally.

1.3 Spatial Analysis in Epidemiology
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Geographic place has long been understood as a potential environmental factor, one of the three
pillars of the epidemiologic triad, alongside host and agent,26 however until recently geographic
location has been excluded from the descriptive epidemiology of many chronic conditions.
Methodological papers have been written to draw attention to the inclusion of spatial
analysis,27,28 and more recent studies focusing on obesity as a whole have incorporated space and
spatial analyses. The prevalence of obesity has been demonstrated to vary geographically across
the United States.29–32 However, similar research assessing spatial variability and dependence
does not exist for extreme obesity or among classes of obesity generally.

Spatial data analysis refers to a set of techniques described as “the statistical study of phenomena
that manifest themselves in space” which are utilized when variables of interest are hypothesized
to vary across space.33,34 When applied to public health, spatial analysis is often referred to as
spatial epidemiology, defined as a body of theory and analytic methods involved in the study of
spatial patterns of disease as well as the spatial distributions of socioeconomic factors,
environmental patterns, and other determinants of health.35 When epidemiologic data, such as
that from surveys, includes a geographical references of observations, such as an address or
coordinate location, or an aggregated field such as county, geography can then be included as an
additional attribute of the observation when assessing risk, etc.36 Exploratory spatial data
analysis (ESDA) is a data-driven approach that is a component of spatial data analysis and has
been compared to Tukey’s methods of exploratory data analysis (as applied to georeferenced
data).33,37 While generally considered a step in the process toward statistical model building,37
spatial descriptions, including ESDA, offer an additional perspective to traditional
epidemiological methods, by incorporating not only maps, but also spatial statistical methods to
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evaluate differences in rates in different geographical areas, separate patterns from noise, and
identify clusters.35 Spatial descriptions may affect further decisions regarding regression
techniques chosen for assessing relationships with other factors. For example, many
epidemiologic statistics require the assumption of independence among observations. A key
component of ESDA is the statistical examination of spatial dependence; spatial statistics
computed in ESDA can determine if the independence assumption is violated by geography.38
The assumption of spatial stationarity can be misleading, particularly when the question under
study has an inherent interest in location, which is theoretically plausible for certain questions
within obesity research.

Spatial dependence – when attribute values of observations closer together are more similar than
among observations that are further apart36 – can be addressed with different techniques,
including regression models that include a spatial component, such as spatial error models, and
geographically weighted regression, which runs a series of local regression models across the
geography of a study. There is both a growing demand for expertise in spatial epidemiological
analysis and, fortunately, greater availability of georeferenced data and software specialized for
spatial analysis.36

1.4 Gaps in the Current Literature
While extensive research has identified important spatial clusters and patterns of obesity in the
United States,39–41 similar research describing the spatial variation of prevalence of extreme
obesity does not exist. More specifically, obesity overall is known to vary by state, counties
within states, and zip codes within cities, as well as by urban/rural status.30,32,39,42–44 Because
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analyses incorporating spatial components have focused on obesity, missing is a thorough
understanding of the geographic distribution of extreme obesity. An effect of this lack of data is
that it is not known if geographic patterns of extreme obesity differ from patterns found among
overweight and obesity. While it would be expected that there is substantial overlap of areas with
high rates of obesity and high rates of extreme obesity, because of the known differences in
morbidity and mortality and extra costs of extreme obesity45 it is important to examine the extent
of overlap and whether or not there are some areas that diverge. It is possible and even likely that
there are certain regions in the U.S. that are more burdened with extreme obesity than can be
inferred from general rates of obesity.

Methodologically, the majority of epidemiological studies use global statistics, meaning that all
data used to obtain a single statistic can be understood as representing an average of the
conditions in a study area46, such as a prevalence value at the national level. Such a statistic
provides information on the whole study area but not any specific part of it; global estimates may
obscure regional variation in the association between predictors and the outcome and therefor
may not be useful when there is local variation.46,47 This dissertation seeks to further the goal of
incorporating spatial components into traditional epidemiological analyses of obesity research.

1.5 Overview of the Dissertation
1.5.1 Overall Goals
The purpose of this dissertation was to calculate and examine the spatial distribution of countylevel prevalence of extreme obesity, and to assess the relationship between extreme obesity and
mortality accounting for spatial dependence. Using nationally representative survey data from
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the Behavioral Risk Factor Surveillance System (BRFSS) from 2012, combined with publicly
available data sets from the Census and other national entities, this dissertation first created
county-level prevalence estimates of extreme obesity in the United States using small area
estimation. Next, it conducted a cross-sectional ecological descriptive study using exploratory
spatial data analysis (ESDA) to examine the spatial patterns of extreme and moderate obesity
among counties in the United States. Finally, the association between county-level prevalence of
extreme obesity and mortality rates was explored first accounting for spatial dependence and,
second, allowing for variation in the association across geographies. Findings from this study can
inform local and national policies seeking to identify populations most at risk from very high
BMI.

1.5.2 Specific Aims
Aim 1. Create county-level prevalence estimates of extreme and moderate obesity in the
United States using small area estimation. Available data does not allow for direct prevalence
estimates of health conditions such as extreme and moderate obesity at the county level. Thus,
aim 1 describes the multilevel regression and post-stratification (MRP) approach to create
model-predicted county-level estimates of extreme and moderate obesity using Behavioral Risk
Factor Surveillance System data and Census population counts. Small area models generally
borrow strength from related areas by linking models from survey data with auxiliary data such
as Census counts,48 and MRP, following a traditional likelihood-based approach to modeling,
allows for estimation of model-predicted prevalence rates with increased precision and stability.
Hypothesis 1a: Multilevel regression and poststratification can be applied to create
prevalence estimates of extreme and moderate obesity by county in the United States.
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Hypothesis 1b: County-level prevalence of extreme obesity will show variation within
states and will show more variation than is evidenced between states.

Aim 2. Using small area estimates of prevalence of extreme and moderate obesity, describe
geographic patterns in the United States and identify significant clusters of excess
burden. The purpose of aim 2 is to assess spatial dependence in county-level estimates of
extreme obesity in the contiguous United States and to identify hot spots, or clusters, of higher
than average prevalence, and cold spots, or clusters, of lower than average prevalence of extreme
obesity. For comparison, spatial dependence and clustering of moderate obesity was also
assessed. Finally, as a means of measuring additional burden, the proportion of prevalence of
extreme obesity among those with obesity was examined.
Hypothesis 2a: Extreme obesity will show spatial dependence and clustering, and while
substantial proportions of areas with high and low prevalence of extreme obesity will
overlap with high and low prevalence of moderate obesity, there will be some areas and
clusters that show discordance between obesity groups.
Hypothesis 2b: The proportion of extreme obesity among those with obesity will identify
counties with greater disparity than able to be identified by prevalence measures alone.

Aim 3: Using small area estimates of prevalence of extreme and moderate obesity,
determine if all-cause mortality is associated with obesity group at the county level using a
spatial error model. Further, does the association vary spatially across the United States
using geographically weighted regression? Aim 3 utilizes a spatial approach to measure the
county-level association of extreme obesity and age-adjusted county-level mortality rates
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obtained from the National Vital Statistics System. This study utilizes the spatial error model to
account for spatial dependence in the association between extreme obesity and mortality.
Additionally, in order to further understand the geographical association between extreme
obesity and mortality, this study uses geographically weighted regression to test a potential
spatially heterogeneous relationship between extreme obesity and mortality. For comparison
throughout, the association between moderate obesity and mortality was also explored.

Hypothesis 3a: County-level prevalence of extreme and moderate obesity will each be
positively associated with age-adjusted mortality rates, and the effect estimate of extreme
obesity will be significantly greater than the effect of moderate obesity.
Hypothesis 3b: The association between each group of obesity and age-adjusted mortality
rates will vary spatially across the contiguous United States.

1.5.3 Organization of the Dissertation
The subsequent part of the dissertation is organized in four chapters. Chapter 2 (Aim 1) details
the use of multilevel regression and post-stratification to estimate county-level prevalence of
extreme and moderate obesity using data from the 2012 Behavioral Risk Factor Surveillance
System and the Census Bureau. It then internally validates estimates using direct prevalence
from counties with sufficient sample size. Chapter 3 (Aim 2) uses exploratory spatial data
analysis to identify and compare significant spatial clusters of each obesity group, as well as the
additional burden determined by the ratio of extreme to overall obesity. In Chapter 4 (Aim 3), the
association between extreme obesity and age-adjusted mortality rates is modeled using standard
aspatial regression and a spatial error model, which accounts for spatial dependence between
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observations. Additionally, in order to further understand the geographical association between
extreme obesity and mortality, chapter 4 uses geographically weighted regression to test
a potential spatially heterogeneous relationship between extreme obesity and mortality. Chapter
5 summarizes the findings from each of the three analyses in Chapters 2-4 and discusses
strengths and limitations of the study as well as policy implications.

1.5.4 Significance of the Dissertation
This project both addresses gaps in the literature and advances the use of relatively novel
methodologies for epidemiologic studies. First, the spatial distribution of extreme obesity has not
previously been described; current maps that inform policy depict annual rates of obesity overall.
If results ultimately indicate substantial differences in the geographic distribution between
overall and extreme obesity, this will offer strong support about the need to target extreme
obesity specifically. Second, although studies have created model-predicted county-level
prevalence estimates of obesity using a small area estimation methodology,39 to my knowledge,
similar county-level estimates by class of obesity have never been published or even publicly
estimated. Small area estimates can facilitate policy formulation and delivery, and are necessary
for program monitoring and evaluation;48 the interest in small area estimation techniques
continues to increase due to growing demand for reliable small area statistics.49

1.6 Study Population and Data Sources
The study population for this dissertation was the adult population living in the contiguous
United States (U.S.). County-level outcomes created in Aim 1 – county-level prevalence
estimates of extreme and moderate obesity – were explored in Aim 2 and used as the exposure in
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Aim 3. The primary data source used to estimate obesity group was the 2012 Behavioral Risk
Factor Surveillance System (BRFSS), which is an annual, state-based telephone survey of adults
ages 18 and older in the United States. The survey is conducted by the Centers for Disease
Control and Prevention (CDC) and is designed to monitor health-related behavior. Data are
representative of the non-institutionalized U.S. population. The 2012 survey was chosen because
a county-level indicator is not available for surveys from 2013 onward. BRFSS data were
modeled to obtain a county-level outcome. Additionally, county-level covariates including
poverty and education were obtained from the 2012 American Community Survey (ACS) 5-year
roll-up. The ACS, conducted by the U.S. Census Bureau, is an annual nationwide survey that
provides detailed information about select social, economic, and housing characteristics of the
U.S. population.50 Finally, county-level population counts for each of the 3,109 counties in the
contiguous United States were obtained from the 2010 U.S. Census for the purpose of weighting
estimates for the MRP. Cross-tabulated fields for age group by sex by race/ethnicity (208
groups) were extracted from the 2010 Census at the county level.

Mortality rates used in Aim 3 were obtained from 2010-2014 data from the National Vital
Statistics System (NVSS).51 In addition to the 2012 American Community Survey (ACS) 5-year
roll-up and the 2010 Census, covariates were also obtained from a compilation within the
publicly available 2015 County Health Rankings National Data, a collaboration by the Robert
Wood Johnson Foundation and the University of Wisconsin Population Health Institute
(www.countyhealthrankings.org).52
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Chapter 2: Multilevel Regression and Poststratification to Estimate County-level Extreme
Obesity among Adults in the United States

Abstract
Background: As national estimates of obesity and extreme obesity continue to indicate increasing
prevalence it is important to incorporate a graded classification of obesity into ongoing research
for effective public health interventions. Although county-level estimates of obesity overall have
been estimated, similar studies have not yet explored prevalence disaggregated by class of
obesity. This study is the first to use small area estimation to create county-level estimates of
extreme obesity in the United States.
Methods: Data were obtained from the Behavioral Risk Factor Surveillance System and the
Census Bureau. A multilevel predictive logistic model estimated the probability of extreme
obesity based on individual predictors including sex, age, race/ethnicity, and area-level
education, while accounting for county and state as random effects. Census counts for
corresponding sex-age-race subgroups in the county were used to obtain population proportion of
each subgroup, which were multiplied by probabilities from the model and then summed over
the county, creating a county-level prevalence estimate. Estimates of moderate obesity were also
obtained for comparison.
Results: County-level prevalence of extreme obesity ranged from 1.3% to 15.7%, showing more
variability than evident from state-level analysis. The correlation coefficient comparing modelpredicted estimates with direct estimates was 0.81 (p<.0001) for counties and 0.99 (p<.0001) for
aggregated states.
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Conclusion: County-level prevalence estimates of extreme obesity indicate substantial variation
across the United States as well as within states. Geographical prevalence patterns were similar
for moderate and extreme obesity though many individual counties had an uneven distribution of
prevalence by obesity group.

2.1 Introduction
As the obesity epidemic enters its fifth decade in the United States, recent estimates indicate that
the prevalence of obesity among adults has reached 37.7% in the U.S.1 Further, the population
with class III, or extreme, obesity (body mass index (BMI) ≥40 kg/m2), has increased from 2.9%
in 1988-1994 to 7.7% in 2015-16.2,3 While obesity overall has been the focus of extensive
research, much less is known about extreme obesity, or about differences within the classes of
obesity generally. In 2000, the World Health Organization (WHO) identified four reasons why a
graded classification of obesity is useful, including the ability to make comparisons of weight
status within and between populations and to identify those at increased risk of morbidity and
mortality.4 Given the increasing prevalence of both obesity overall and of extreme obesity
specifically, it is urgent to conduct more research that disaggregates obesity in order to better
understand differences in both the epidemiology and morbidity and mortality by class of obesity.

The bulk of existing research on extreme obesity is focused on describing variation in the
prevalence of extreme obesity by sex, race/ethnicity, and other demographic factors.1,2,5–9
However, even though obesity in the United States is known to vary by state and region, counties
within states, and zip codes within cities, as well as by urban/rural status,10–16 at this time similar
analyses focusing on extreme obesity do not exist. This shortcoming prevents a thorough
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understanding of the geographic distribution of extreme obesity, which in turn hampers the
ability of public health agencies and policymakers to target areas with a known higher
prevalence. For example, research examining local obesity estimates have identified hotspots of
obesity and heterogeneity of prevalence that has led to tailored obesity interventions.14,17,18

National survey data are readily available to estimate prevalence by class of obesity, although no
published estimates of state-level extreme obesity (or other classes of obesity) were found in
recent reviews of the literature. One study examined temporal trends of extreme obesity in
Mississippi, though no geographic comparisons with other states were included.9 Sub-state level
estimates – such as county – are necessary to better understand the geo-variation of extreme
obesity in a manner that is most useful for public health interventions.19 States can mask the
heterogeneity of health risk differences within communities because of regional differences in
population age distribution and socioeconomic factors such as race/ethnicity and poverty; this
heterogeneity has been demonstrated in obesity research.10

While county-level estimates of extreme obesity are needed, a limitation for providing estimates
at a sub-state level is the lack of available data for smaller geographies.20 Currently, nationallevel surveys are the primary source of obesity surveillance. Nationally available survey data are
generally weighted for national or state-level estimates. Even when data contain an indicator for
a local geography (such as county), there is often a small number problem, whereby too few
observations or cases exist in the area to provide stable estimates.21 In this context, an area for
which a direct estimate cannot be produced with adequate precision is labeled a ‘small area’.22
Researchers within the fields of public health and other disciplines have adopted statistical
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methods for small-area estimation (SAE) of prevalence within geographical areas that are
smaller than the level for which the data was originally designed.14,20,23–27 There are several
commonly used techniques for SAE, which can be classified as following direct or indirect
methods.28 Direct estimation uses only sample data while indirect methods ‘borrow’ information
from other data (such as from the Census or another administrative source) and can use a
frequentist or Bayesian approach.29 One SAE methodology that has been demonstrated to
perform well20 is multilevel regression and poststratification (MRP). It is an indirect, modelbased technique using a frequentist approach that incorporates estimates from a multilevel
prediction model and stratified population counts to create small area estimates. This SAE
methodology allows existing data to be re-incorporated to create more localized estimates and
overcome the small number problem.

Although SAE methodologies have been used to create county-level prevalence estimates of
obesity,10 similar county-level estimates by class of obesity have never been published or
publicly estimated. The purpose of this research is to create the first estimates of county-level
extreme obesity using MRP. The MRP methodology is enhanced by incorporating a geographic
aggregation step prior to estimation to ensure that all geographies are spatially represented. To
facilitate comparison between extreme obesity and obesity in general, this analysis also
calculates estimates for moderate obesity, conceptualized as obesity excluding individuals
affected by extreme obesity. Additionally, this study presents direct state-level prevalence of
extreme and moderate obesity.

2.2 Methods
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The intent of this study was to create estimates of extreme obesity in the United States at the
county level using publicly available population-representative data from the Behavioral Risk
Factor Surveillance System (BRFSS). Since this survey is not designed to produce stable
estimates for counties – it is designed for state and national estimates only – MRP was used to
create model-produced prevalence estimates for counties. This entails creating a multilevel
predictive logistic model of the probability of extreme obesity based on individual predictors
such as sex, age, race/ethnicity, and relevant area-level measures, while accounting for county
and states as random effects. Census counts by county for corresponding sex-age-race/ethnicity
demographic subgroups in the county (e.g., non-Hispanic Black women ages 18-24 years) were
then used to support the poststratification step to obtain estimates. In summary, the
probabilities obtained from the model results are multiplied by the population proportion of each
subgroup and summed over the county, creating a county-level prevalence estimate.

2.2.1 Data and Measures
Data sources
The BRFSS is an annual, state-based telephone survey of adults ages 18 and older in the United
States conducted by the Centers for Disease Control and Prevention (CDC) to monitor healthrelated behavior. The cross-sectional survey is weighted to allow for direct national and statelevel estimates.30 Data are representative of the non-institutionalized U.S. population. The 2012
survey was chosen because a county-level indicator is not available for surveys from 2013
onward. This publicly available data was downloaded as an ASCII file from the CDC website.

While the BRFSS provides state weights to allow for direct prevalence estimates by state, it does
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not provide analogous county weights allowing for similar direct prevalence estimates by county;
the sample size of the survey does not allow for stable estimates at the county level. Small area
techniques such as MRP borrow strength from related areas by linking models from survey data
with auxiliary data such as Census counts,19 and following a traditional likelihood-based
approach to modeling, allow for estimation of model-predicted prevalence rates with increased
precision and stability. Variations of this method have been previously used for analyzing
prevalence data from the BRFSS.24,27,31–34 Individual-level data used from the BRFSS included
BMI, age, sex, race/ethnicity, and county of residence.

County-level population counts for each of the 3,109 counties in the contiguous United States
were obtained from the 2010 U.S. Census for the purpose of weighting estimates for the MRP.
Cross-tabulated fields for age group by sex by race/ethnicity (208 groups) were extracted from
the 2010 Census at the county level. Categorization for each demographic identifier was identical
to categories used in the BRFSS survey data; Census data were ultimately linked to parameter
estimates obtained from BRFSS model results.

Additionally, county-level covariates including poverty and education were obtained from the
2012 American Community Survey (ACS) 5-year roll-up, which pools 60 months of data from
2010 to 2014 to describe average characteristics over a period of time.35 The ACS, conducted by
the U.S. Census Bureau, is an annual nationwide survey that provides detailed information about
select social, economic, and housing characteristics of the U.S. population.35 Data tables were
obtained from the Census’ American FactFinder online data portal. BRFSS participants’ county
of residence was used to link the data.
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State and county border shapefiles were obtained from U.S. Census’ 2012 TIGER/Line files36 for
the purpose of mapping the prevalence estimates. The Great Lakes were added to the map to
improve the interpretability of mapped findings; Great Lakes polygons were created from the
Lakes + Reservoirs shapefile version 4.0.0 of Natural Earth.37 All maps employed an Albers
Equal Area Conic projection, which is commonly used for mapping the contiguous United
States.38

Outcome variable
The primary outcome was county-specific prevalence estimates of extreme obesity. BMI was
calculated from self-reported weight and height (kg/m2). Obesity, BMI ≥ 30 kg/m2, was divided
into three classes of severity: class I for 30 ≤ BMI < 35; class II for 35 ≤ BMI < 40; and class III
for BMI ≥ 40.0 kg/m2. Extreme obesity (yes/no) was based on the class III cutoff. A secondary
outcome of moderate obesity was computed for comparison. For this study, moderate obesity
(yes/no) included classes I and II. The public-use BRFSS dataset excluded BMI for pregnant
women (n=2,873).

Covariates
Individual-level covariates included sex (male/female); age group (18-24 years, 25-29, 30-34,
35-39, 40-44, 45-49, 50-54, 55-59, 60-64, 65-69, 70-74, 75-59, and 80 years and older); and
race/ethnicity (non-Hispanic white, non-Hispanic black, Hispanic, Asian, Hawaii Native/Pacific
Islander, American Indian/Alaska Native, other single race, and multi-racial). These
demographic factors are known predictors of extreme obesity.1,8 Those with missing information
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regarding sex, age, or race/ethnicity (noted in the Results section) were excluded from the
predictive model.

Several area-level indicators of sociodemographic characteristics understood to be associated
with obesity were examined. Indicators obtained from ACS data included the percentage of
county residents living below the Federal Poverty Level (FPL) and the percentage of adults 25
years and older with a bachelor’s degree. Additionally, the percentage of county residents that
lived in rural settings was obtained from the 2010 Census as rural areas have been found to have
higher prevalence of obesity.15 County-level variables were categorized into quartiles, based on a
national distribution. Categorization was done to support application and interpretation in the
poststratification step.

Finally, county-level Census population counts stratified by age group by sex by race/ethnicity
were used to support the poststratification step to obtain estimates.

2.2.2 Procedures and Statistical Analysis
Direct Survey Estimates
Weighted prevalence estimates of both extreme and moderate obesity by state were calculated
using statistical software (SAS-callable SUDAAN) capable of accounting for the complex
sampling design of the BRFSS and to obtain appropriate variance estimates. These prevalence
estimates were calculated for reference and comparison of small area estimates, as well as to
facilitate one component of the internal validation examining aggregated county-level estimates.
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Multilevel Regression and Poststratification
There were three main steps for the MRP analysis to generate model-predicted prevalence
estimates: 1) geographic aggregation to ensure all counties contain minimally sufficient survey
data, 2) generating estimates from prediction models based on individual and county-level
covariates, and 3) applying population counts to parameter estimates to obtain county prevalence
estimates.

1. Geographic aggregation
Prior to model construction, counties missing any survey data were aggregated to larger
county-like areas. Not all counties are represented in BRFSS data, due to sampling variation
and state-specific determination of sub-state sampling.30 In 2012, there were survey
respondents from 2,231 of 3,109 counties in the contiguous United States. The first step of
this analysis employed a geographic aggregation tool than joined neighboring counties
together until a minimum of five observations was obtained (Appendix II).40 The tool was
programmed to assess several aggregation scenarios and data were explored to determine the
most useful set of specifications for this analysis. A dataset was created for modelling for all
county and county-like areas (referred to henceforth as counties for ease).

2. Multilevel model specification and prediction
The second step was to fit a multilevel logistic regression model to estimate the probability of
extreme obesity using BRFSS data, accounting for both individual and county-level
covariates, along with county and state random effects.31 The dichotomous (yes/no) outcome
was modelled as a Bernoulli random variable, whereby the probability of a ‘yes’ was linked to
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the linear predictors through a logit transformation.41 The general structure of a three-level
model with fixed effects at the first and second levels and random effects at the second and
third levels is described as follows. Let 𝑖 refer to the individual, 𝑗 to the county, and 𝑘 to the
state.

𝐿𝑒𝑣𝑒𝑙 1: 𝑃(𝑦𝑖𝑗𝑘 = 1) = 𝑙𝑜𝑔𝑖𝑡 −1 (𝑏0𝑗𝑘 + 𝑏𝑥𝑖𝑗𝑘 )

∗
𝐿𝑒𝑣𝑒𝑙 2: 𝑏0𝑗𝑘 = 𝑏00𝑘 + 𝑏0𝑗𝑘
+ 𝑏𝑤𝑗𝑘

∗
𝐿𝑒𝑣𝑒𝑙 3: 𝑏00𝑘 = 𝛽000 + 𝑏00𝑘

𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 & 𝑟𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑒𝑑:

∗
∗
𝑃(𝑦𝑖𝑗𝑘 = 1) = 𝑙𝑜𝑔𝑖𝑡 −1 (𝛽000 + 𝑏𝑥𝑖𝑗𝑘 + 𝑏𝑤𝑗𝑘 + 𝑏00𝑘
+ 𝑏0𝑗𝑘
)

In the level 1 model, the probability of the outcome is modeled by the inverse logit of the
intercept 𝑏0𝑗𝑘 and vector of regression coefficient 𝑏 corresponding to covariate pattern 𝑥. In
the level 2 model, 𝑏0𝑗𝑘 becomes the average intercept in level 1 plus the county-dependent
∗
deviation, or random effects adjustment term, 𝑏0𝑗𝑘
, and 𝑏 represents the vector of county-

level regression coefficient corresponding to covariate pattern 𝑤. In the level 3 model, a
further state-level random effects adjustment term is added to the intercept from level 2.
Random effects adjustment terms for county and state were added to the model to represent
the effect of county and state contextual effects on the outcome. They account for between-
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area variation that cannot be explained with the inclusion of ancillary variables.42 By
combining and rearranging the three levels, in the final model the fixed effects are depicted by
∗
∗
𝛽000 + 𝑏𝑥𝑖𝑗𝑘 + 𝑏𝑤𝑗𝑘 and the random effects by 𝑏00𝑘
+ 𝑏0𝑗𝑘
.

All individual and county-level predictors were added to the model and significance of each
covariate was assessed. Covariates that were not significant at p<0.05 were excluded and the
model was re-fit to only include significant covariates. Neither poverty or rurality were
significantly associated with extreme obesity in the multivariate models and were therefore
removed. The final model was specified as follows:

∗
𝑃(𝑦𝑖𝑗𝑘 = 1) = 𝑙𝑜𝑔𝑖𝑡 −1 (𝛽000 + 𝑏1𝑗𝑘 𝑎𝑔𝑒𝑖𝑗𝑘 + 𝑏2𝑗𝑘 𝑠𝑒𝑥𝑖𝑗𝑘 + 𝑏3𝑗𝑘 𝑟𝑎𝑐𝑒𝑖𝑗𝑘 + 𝑏01𝑘 𝑒𝑑𝑢𝑗𝑘 + 𝑏00𝑘
∗
+ 𝑏0𝑗𝑘
)

The probability of the outcome is modeled by intercept 𝛽000, with 𝑏1𝑗𝑘 representing the
regression coefficient for individual age group, 𝑏2𝑗𝑘 representing the coefficient for individual
sex, 𝑏3𝑗𝑘 and representing the coefficient for individual race/ethnicity. For the second level,
𝑏01𝑘 represents the regression coefficient for the county education quartile. The adjustment to
∗
the error term due to state as a random effect is referred to by 𝑏00𝑘
and the adjustment due to
∗
county as a random effect by 𝑏0𝑗𝑘
.

While there are varied opinions about whether the inclusion of sampling weights in the
multilevel prediction models is necessary,43 this study included rescaled weights following the
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guidance set by Zhang et al.31 Weights were rescaled by state to ensure accurate parameter
standard errors from model results31 and a weight statement was included in the model.

The model estimated the average probability of extreme obesity for each cross-classification
of predictors and county. The GLIMMIX procedure in SAS was used. Parameter estimates
were obtained for the intercept, each covariate, and the random effects variables; all estimates
were used for poststratification as detailed in the next step. That is, a dataset containing fixed
effects obtained for each age group (14), sex (2), racial/ethnic group (8), and quartile of
county-level education (4), and random effects for each state (49) and county (2,215) was
exported from the model results to be applied to Census counts. A more detailed description
of model selection can be found in Appendix III.

3. Poststratification – application of population counts to parameter estimates to obtain county
prevalence estimates
In the third step, parameter estimates obtained from the multilevel model were applied to
corresponding Census population counts to obtain prevalence of extreme obesity weighted to
the demography of the county’s population. Parameter estimates were summed for each age
group by sex by race/ethnicity by county and then multiplied by the population count for the
corresponding age group by sex by race/ethnicity subgroup within the county (see Figure
2.1). For example, parameter estimates for non-Hispanic Black women ages 18-24 years
living in Kings County, New York were summed and multiplied by the proportion of Kings
County residents who are non-Hispanic Black women ages 18-24. This can generally be
depicted as:
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𝑐
𝑏
𝑃𝑙𝑚𝑛𝑐𝑠
× 𝑃𝑜𝑝𝑙𝑚𝑛𝑐𝑠

where c indicates county and 𝑃𝑐 is the predicted probability of extreme obesity for an
individual in age group 𝑙, sex 𝑚, race/ethnicity category 𝑛, living in county c and state 𝑠.31
𝑏
𝑃𝑜𝑝𝑙𝑚𝑛𝑐𝑠
represents each county’s subgroup’s respective population count.

After weighting the predicted value by the actual frequency of each sex-age-race/ethnicity
cell within each county for each of the aforementioned subgroups,44 all subgroups within a
county are summed to produce the county-level prevalence estimates.

𝑐
𝑏
∑𝑙 ∑𝑚 ∑𝑛(𝑃𝑙𝑚𝑛𝑐𝑠
× 𝑃𝑜𝑝𝑙𝑚𝑛𝑐𝑠
)
𝑃 =
𝑏
∑𝑙 ∑𝑚 ∑𝑛(𝑃𝑜𝑝𝑙𝑚𝑛𝑐𝑠
)
𝑐

=

𝑐
𝑏
∑𝑙 ∑𝑚 ∑𝑛(𝑃𝑙𝑚𝑛𝑐𝑠
× 𝑃𝑜𝑝𝑙𝑚𝑛𝑐𝑠
)
𝑃𝑜𝑝𝑐

The county-level prevalence estimates are obtained by summing the population-weighted
predicted risk over all 208 covariate categories within a county.

Steps 2 and 3 were then repeated with moderate obesity as the outcome.

Descriptive statistics for this analysis included odds ratios of likelihood of extreme and moderate
obesity for each the covariates used in the multilevel logistic regression model. Prevalence tables
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indicated the counties with the lowest and highest rate of each obesity group. Choropleth maps
were created for both extreme and moderate obesity estimates for counties within the contiguous
United States.

Internal validation
Internal validation was assessed in two ways: first, model-predicted estimates obtained using
MRP were compared with direct unweighted estimates from all counties with 100 or more
observations.25,31 Median, range, and interquartile range (IQR) were calculated. Pearson
correlation coefficients were then computed to assess linear correlation between the two sets of
estimates. Second, county-level estimates were aggregated to yield state estimates using a
population-weighted average and compared to direct survey estimates.45 As before, estimates
were compared in terms of median, range, and interquartile range (IQR). Pearson correlation
coefficients were computed to assess linear correlation between the two sets of state-level
estimates. Each of these two methods were performed separately for moderate and extreme
obesity.

This analysis was conducted using SAS version 9.4 (SAS Institute, Cary, NC), the Geographic
Aggregation Tool (GAT) R version 1.33, and QGIS version 2.18.

2.3 Results
The sample size of the 2012 BRFSS included 455,406 adults ages 18 and older in the 48
contiguous states and Washington D.C. Prior to conducting the small area estimation analysis,
direct weighted state-level prevalence was calculated using records from all respondents with a
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valid BMI (n=430,766). Weighted state prevalence of extreme obesity ranged from 2.5% in
Colorado to 6.1% in Louisiana (Table 2.1). Prevalence of moderate obesity ranged from 18.0%
in Colorado to 28.9% in Mississippi. (Weighted prevalence estimates by demographic factor can
be found in Appendix IV.)

Respondents missing age (4,421), race/ethnicity (6,045), BMI (24,640), and residential county
(48,377) were removed for model building, resulting in 381,022 remaining records from the 48
contiguous states and Washington D.C. that were included in the MRP.

In 2012, there were 3,109 counties within the 48 states in the contiguous United States and
Washington, D.C. Excluding Washington, D.C., the number of counties per state ranged from
three (Delaware) to 254 (Texas), with a median of 64 counties per state. After county
aggregation using the Geographical Aggregation Tool, there were 2,215 county or county-like
areas. Aggregations occurred in 39 states and did not occur in any state with ten or fewer
counties. Of the 430 aggregations, the majority included only two counties (247, 57.4%) and
90% of aggregations contained four or fewer counties. There were eight aggregations including
more than ten counties, and these were located in Kansas, Montana, Nebraska, North and South
Dakota, and Texas.

2.3.1 Multilevel Regression Modeling
Adjusted odds ratios (OR) and 95% confidence intervals (CI) of likelihood of extreme and
moderate obesity for all covariates from the predictive models are shown in Table 2.2. These
results indicate risk differences for extreme and moderate obesity by sex, age, and race/ethnicity.
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Notably, women were less likely to have moderate obesity than men (OR, 0.88; 95% CI, 0.860.89) but more likely to have extreme obesity (OR, 1.59; 95% CI, 1.53-1.64). Odds ratios for
extreme obesity peaked at ages 50-54 (2.20; 95% CI, 1.99-2.45), while ratios for moderate
obesity peaked at ages 60-64 (2.60; 95% CI, 2.51-2.70), relative to 18-24 year-olds. Odds of
each obesity group were higher for Black (non-Hispanic), Hispanic, American Indian/Alaska
Native, and multiracial groups relative to Whites (non-Hispanic), though there were differences
in strength of association. Whereas the odds among Hispanics relative to Whites was similar
across obesity group, there was a marked increase in odds of extreme obesity among Blacks as
compared to odds of moderate obesity (2.27 vs. 1.57; 95% CIs, 2.16-2.38 vs. 1.53-1.61).

2.3.2 Small Area Estimates
Model-predicted county-level prevalence estimates of extreme and moderate obesity were
obtained for all counties. The prevalence estimates of extreme obesity ranged from 1.3% to
15.7%. Counties with the top ten highest and lowest prevalence are shown in Table 2.3. Highest
prevalence of extreme obesity was found among counties in Ohio, Arkansas, Alabama,
Mississippi, South Carolina, Louisiana, North Carolina, and Kentucky. Counties with the lowest
prevalence of extreme obesity were found in Colorado, California, Massachusetts, Maryland, and
New Jersey.

The model-predicted county-level prevalence of moderate obesity ranged from 13.3% to 41.3%.
Highest prevalence of moderate obesity was found among counties in Louisiana, Mississippi,
Arkansas, Alabama, California, and Wisconsin. None of the counties in the top ten prevalence of
moderate obesity overlapped with counties represented in the top ten prevalence of extreme
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obesity. The lowest prevalence of moderate obesity was found in Colorado, New York,
California, Wyoming, Idaho, and Florida. Boulder, Colorado and San Francisco, California were
among counties with the lowest prevalence of both moderate and extreme obesity.

The geographical distributions of model-predicted county-level prevalence estimates of extreme
and moderate obesity are shown in Figure 2.2(A) and (B). Prevalence is depicted using quintiles
from lowest to highest and shows overall variation across the country and within the majority of
states. States that showed the greatest variability of county-level prevalence estimates of extreme
obesity included Ohio, where estimates ranged from 3.0% to 15.7%, followed by Arkansas,
South Carolina and Alabama. Rhode Island showed the least variability in prevalence estimates
of extreme obesity (2.0% to 3.5%), followed by Connecticut, Delaware, and Nevada. However,
with the exception of Nevada, these states contain very few counties and would be expected to
have less variability. Of note, in California, the most populous state, prevalence estimates ranged
from 1.7% to 8.8%, and in Texas, the largest state area-wise in the contiguous United States,
estimates ranged from 2.5% to 7.4%.

States that showed the greatest variability of county-level prevalence estimates of moderate
obesity included Idaho (14.7% to 37.5%) followed by California, Louisiana, and Alabama.
Delaware showed the least variability in prevalence estimates of moderate obesity (21.9% to
25.3%), followed by Rhode Island, New Hampshire, and North Dakota.

While there was substantial overlap of areas with low and high prevalence of both extreme and
moderate in the maps, there were also some notable differences. Highest prevalence of both
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groups of obesity appeared most concentrated in counties within the southern states and the
Midwest. Parts of Florida, and, interestingly, Maine, indicated some of the highest prevalence
rates of extreme but not moderate obesity. Texas and Central California had counties with high
prevalence of moderate but not extreme obesity. However, while a visual display offers
compelling evidence for differences between rates, further analysis is needed to identify
statistically significant clusters.

2.3.3 Sensitivity Analysis
In order to better understand the reliability of the obtained prevalence estimates, two internal
validation approaches were used to examine the degree to which known data estimates correlated
with model estimates. The first approach compared model-predicted estimates with direct
estimates from county-level data among counties with 100 or more observations. There were 867
counties with 100 or more observations that were included in this internal validation test. The
Pearson correlation coefficients between direct unweighted prevalence estimates and modelpredicted estimates was 0.81 (p<.0001) for extreme obesity and 0.86 (p<.0001) for moderate
obesity (Table 2.4). The county median of extreme obesity among direct unweighted prevalence
estimates was 3.9% (IQR 2.7-5.1); the model-predicted median was 4.2% (IQR 3.2-5.2). The
county median of moderate obesity among direct unweighted prevalence estimates was 23.7%
(IQR 20.6-26.8); the model-predicted median was 24.5% (IQR 21.6-27.5).

The second approach aggregated county-level model-predicted estimates to create state-level
estimates and compared these with weighted direct state-level prevalence. Direct weighted statelevel prevalence of extreme and moderate obesity are shown in Table 2.4. Prevalence of extreme
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obesity ranged from 2.5% (95% CI, 2.1-2.9) in Colorado to 6.1% (95% CI, 5.3-6.9) in Louisiana.
Prevalence of moderate obesity ranged from 18.0% (95% CI, 17.1-18.9) in Colorado to 28.9%
(95% CI, 27.4-30.4) in Mississippi. The Pearson correlation coefficients between direct weighted
state-level prevalence and aggregated model-predicted estimates was 0.99 (p<.0001) for both
extreme and moderate obesity (Table 2.3). The state median of extreme obesity among direct
weighted state prevalence was 4.0% (IQR 3.3-4.8); the aggregated model-predicted median was
4.0% (IQR 3.4-4.8). The state median of moderate obesity among direct weighted state
prevalence was 23.9% (IQR 22.7-25.8); the aggregated model-predicted median was 23.7%
(IQR 22.2-25.2).

2.4 Discussion
This is the first study, to my knowledge, that estimated county-level prevalence rates of extreme
and moderate obesity across the United States using MRP as a SAE technique. Results from this
study indicate that the prevalence of extreme obesity varied substantially among counties and
states. The highest prevalence was most often found in counties in the southern United States,
while the lowest prevalence was most often in the northeastern and western regions. Mapping of
prevalence showed that similar overall patterns of extreme obesity and moderate obesity were
found, with differences identified when the focus was applied more locally. Estimates were
found to be well validated in internal validity tests.

These findings provide unique information about the prevalence of extreme obesity. First, there
is considerable variability in county estimates across the United States. While state estimates
have a two- to three-fold range (from 2.5% to 6.1%), counties showed much greater variability,
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particularly at the higher end, with a twelve-fold range of estimates (from 1.3% to 15.7%).
Second, there appears to be substantial variation of county-level prevalence within states, even in
states consistently showing higher rates of obesity such as Oklahoma and Kentucky, and lower
rates of obesity, such as California.46 These findings reinforce the importance of examining
prevalence at a sub-state level in order to effectively identify the areas with the greatest burden
and need. County-level estimates allow for state and local health departments to more clearly
identify jurisdictions where public health interventions and efforts targeting extreme obesity may
be most crucial.

Findings also offer an understanding of the relationship between prevalence of extreme and
moderate obesity. Maps of estimates of moderate obesity demonstrated similar but not identical
regional patterns of rates of extreme obesity, and similar variation of rates by counties and
among counties within states. However, at the high end of prevalence, there was no overlap of
counties with the top-ten highest rates of extreme obesity and with with the highest rates of
moderate obesity, and there was very little overlap among the ten lowest rates. It was also
common that an individual county would have extreme and moderate obesity rates falling into
different quintiles, indicating an uneven distribution of obesity prevalence by group of obesity.
This is important and demonstrates the information that is obscured when obesity is not
disaggregated as a measure. Even though populations with obesity generally are known to suffer
from medical issues such as diabetes, heart failure, and increased risk of cancer, the health risks
associated with extreme obesity are even greater.47–49 Local areas also benefit from being better
informed because extreme obesity increases the economic burden, with larger direct medical
costs and indirect productivity costs.50
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Along with anticipated findings from this study, there were also some unexpected results. The
analysis found that many of the counties with the highest prevalence of extreme obesity were
located in southern states, as expected, but the county with the highest prevalence was actually in
Ohio. Similarly, while several counties in California ranked among the lowest prevalence of both
extreme and moderate obesity, Sacramento County in California ranked eighth highest for
moderate obesity. These findings further emphasize the variability within states and why substate analysis is crucial for identifying problem areas. Visually, Florida showed substantial
variability of prevalence of extreme obesity, with much of the panhandle and central region
showing higher rates, while the remaining coastal areas showed lower rates.

As expected, sex, age, and race/ethnicity were all found to be significant predictors of both
extreme and moderate obesity, though strength and magnitude of association varied by obesity
group. Findings from this study highlight the differential association between sex by obesity
group. Being male were found to lead to higher odds of moderate obesity, whereas being female
lead to higher odds of extreme obesity. This is a notable distinction given that studies of
prevalence of obesity overall have shown a higher prevalence of obesity among women than
men.1,2 While this is true, it obscures the fact that women who are obese may be clustered at the
higher end of the BMI spectrum, and are thus at greater risk, than men who are obese, who may
be clustered at the lower end of the BMI spectrum. A similar differentiation may also be applied
to adults who are non-Hispanic Black, as their odds of extreme obesity were of a much greater
magnitude than their odds of moderate obesity compared to non-Hispanic Whites.
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Rurality was not found to be significantly associated with extreme obesity in the adjusted model,
which was surprising given the general association found between rurality and obesity in the
literature.51,52 It is possible that this difference occurred due to variation often identified by
rurality that was more strongly accounted for by other sociodemographic indicators;
alternatively, there are several different means of categorizing rurality that exist in the literature.
Differences in the definition of rurality used in this and other analyses may be partially at play in
these results. Area-level poverty was also not found to be significantly associated with extreme
obesity in the adjusted model, though a study of the association between socioeconomic status
and obesity using national data found differences by sex and race/ethnicity, with a clear positive
association found among women and a varying pattern of association among men of differing
race and ethnicities.53 Future research exploring extreme obesity should examine small-area
prevalence stratified by sex.

There were a few notable limitations within this study. First, the BRFSS relies on self-reported
weight and height to calculate BMI. Self-report has been demonstrated to underestimate BMI,
with a greater bias among those with obesity.54,55 Estimates are likely conservative with true
rates of moderate and extreme obesity actually higher than those based on self-reports.
Additionally, it would be ideal to assess trend over time and examine more recent estimates of
extreme obesity. However, at this time, it is not possible to create estimates for BRFSS surveys
after 2012 as more recent waves lack a county indicator in the publicly available datasets.
Additionally, it is difficult to compare 2012 estimates with prior years because in 2011 a new
weighting methodology was adopted, such that comparison to results from prior years is not
advised.56 However, to date, work on estimating prevalence rates at small areas has focused on
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obesity overall. Further, differences in prevalence of extreme obesity by age, sex, and
race/ethnicity – the main covariates used in the prediction model – have remained consistent over
time,1–3,57 which indicates a continued relevance to variation in estimates obtained. A concern
with small area estimates is that it is difficult to validate findings, though several methods have
been proposed to assess internal validity.58 For this project, two analyses were conducted to
assess and confirm internal validity. First, direct estimates for counties with sufficient number of
observations were compared with model-predicted estimates. Second, county estimates were
aggregated to states by a population-weighted average and compared with direct survey
estimates. In the case of this analysis, the correlation coefficients were found to be reasonable
and provided support through the process of internal validation. These correlation coefficients
were similar to other studies using this method.24

Despite these limitations, there are several key strengths of this study. Generally, the
examination of extreme obesity has been limited to national prevalence estimates. This study is
the first to estimate state- and county-level prevalence of extreme obesity as well as moderate
obesity. The implications of this are important as extreme obesity has been described as an
‘integral’ component of the weight distribution in the US6 and the negative effect of extreme
obesity on life expectancy is comparable to the effect of cigarette smoking.59 Given that half or
more of all black and Hispanic women in the US have obesity,2 there is a need to focus limited
public health dollars on subgroups at the greatest risk for morbidity and mortality.

This study extended the application of an accessible small area estimation technique to public
health research. In this case, as is common, small area estimation was necessary because the
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BRFSS, one of the predominant surveys measuring health in this county, uses a sampling
strategy designed to reliably describe estimates at the national and state level, but not at the
county level. The MRP technique is particularly useful because it uses covariate data from all
counties to estimate predicted probabilities that are then applied to specific counties. This
increase in effective sample size allows for predictions regardless of individual cell size within a
county.60 Poststratification then corrects for non-representativeness by county to ensure results
are representative of the county’s population.

This study was also the first SAE study to incorporate the use of the GAT. This tool permitted all
geographic areas to be represented in the prediction model, in contrast to the use of spatial
smoothing in prior studies using MRP. When spatial smoothing is used to estimate county-level
random errors, it renders further spatial analysis such as cluster detection of the estimates
methodologically unsound. Estimates created in this study do not have this limitation and can be
used in further spatial analysis.

In conclusion, this study found that MRP can be used with available individual and county-level
indicators to generate county-level estimates of extreme and moderate obesity, and that results
indicate substantial and informative variation in county-level prevalence rates. While this
technique requires several steps, including substantial data manipulation and an understanding of
multilevel modeling, the estimates produced can be useful for understanding a more localized
variation in prevalence rates and for incorporation in further analyses at the county level. Future
analyses with access to more recent data could examine temporal changes in prevalence rates,
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particularly to monitor counties with above-average increases in rates and to determine if
demographic changes in counties result in changes in prevalence rates.
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Figure 2.1. Flowchart describing the process of linking data from multilevel regression and
poststratification
BRFSS – individual-level
variables
- Extreme obesity (outcome)
- Age
- Sex
- Race/ethnicity
- County
- State

Link by
county
code

County-level covariates
- % rural
- % with B.A. degree
- % living in poverty

Multilevel
logistic
regression

Parameter estimates
- Age
- Sex
- Race/ethnicity
- % rural
- % with B.A. degree
- % living in poverty
- County random effects
- State random effects

Census counts by county
- Age X sex X race/ethnicity
Sum parameter
estimates by age-sexrace/ethnicity
subgroup for each
county and multiply by
subgroup Census
count. Sum products
across county

County-level model-predicted
prevalence estimates
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Table 2.1. Weighed prevalence estimates of extreme and moderate obesity by state, United
States, BRFSS 2012*

State
Alabama
Alaska
Arizona
Arkansas
California
Colorado
Connecticut
Delaware
District of Columbia
Florida
Georgia
Hawaii
Idaho
Illinois
Indiana
Iowa
Kansas
Kentucky
Louisiana
Maine
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
New York
North Carolina
North Dakota
Ohio
Oklahoma
Oregon
Pennsylvania
Rhode Island
South Carolina

Extreme obesity
Percent
95% CI
5.7
5.0 6.4
3.8
2.9 4.7
3.3
2.5 4.0
5.8
4.9 6.8
3.2
2.7 3.7
2.5
2.1 2.9
3.3
2.8 3.9
3.7
2.9 4.4
3.0
2.2 3.8
3.8
3.0 4.5
4.3
3.6 5.1
2.9
2.3 3.6
3.4
2.7 4.2
4.6
3.7 5.4
4.7
4.2 5.3
4.6
3.9 5.2
4.6
4.1 5.1
5.4
4.7 6.0
6.1
5.3 6.9
4.3
3.7 4.9
3.7
3.1 4.2
2.7
2.4 3.1
5.0
4.4 5.5
3.0
2.6 3.4
5.7
5.0 6.5
4.8
4.0 5.5
3.7
3.1 4.2
3.8
3.4 4.2
3.4
2.6 4.2
4.2
3.5 4.9
2.8
2.4 3.2
3.5
3.0 4.0
2.8
2.3 3.4
4.3
3.8 4.8
3.4
2.7 4.1
5.0
4.5 5.5
5.0
4.3 5.6
4.2
3.4 4.9
4.3
3.9 4.8
2.8
2.2 3.4
5.1
4.6 5.7

Moderate obesity
Percent
95% CI
27.3
25.9 28.6
21.9
20.2 23.6
22.7
21.1 24.4
28.7
26.9 30.4
21.8
20.8 22.8
18.0
17.1 18.9
22.2
21.0 23.5
23.2
21.6 24.8
18.9
16.9 20.9
21.4
20.0 22.9
24.8
23.2 26.4
20.6
19.1 22.1
23.4
21.4 25.3
23.6
22.0 25.2
26.6
25.4 27.9
25.8
24.6 27.1
25.2
24.2 26.3
25.9
24.6 27.2
28.6
27.1 30.2
24.0
23.0 25.1
23.9
22.7 25.2
20.2
19.3 21.0
26.1
24.9 27.3
22.7
21.7 23.7
28.9
27.4 30.4
24.8
23.3 26.3
20.6
19.5 21.8
24.8
23.9 25.7
22.8
21.0 24.6
23.1
21.7 24.5
21.8
20.8 22.8
23.6
22.4 24.8
20.7
19.3 22.2
25.3
24.2 26.3
26.3
24.6 28.0
25.1
24.0 26.2
27.2
25.9 28.6
23.1
21.6 24.7
24.7
23.8 25.7
22.9
21.4 24.5
26.4
25.3 27.6
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South Dakota
3.5
2.9
Tennessee
5.0
4.3
Texas
4.1
3.5
Utah
3.3
2.9
Vermont
3.2
2.5
Virginia
4.0
3.4
Washington
3.9
3.5
West Virginia
5.5
4.7
Wisconsin
5.1
4.2
Wyoming
3.3
2.6
*Includes data from all 50 states and Washington, D.C.

4.1
5.7
4.6
3.7
3.8
4.6
4.4
6.2
6.0
4.0

24.6
26.1
25.1
21.0
20.6
23.4
22.9
28.3
24.6
21.3

23.1
24.7
23.8
20.0
19.2
22.1
21.9
26.8
22.8
19.6

26.2
27.6
26.4
21.9
21.9
24.7
23.8
29.8
26.4
23.0
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Table 2.2. Adjusted odds ratios of covariates from multivariate models for estimating predicted
risk of extreme and moderate obesity among adults in the United States, BRFSS 2012*
Extreme obesity
Variable
Individual level
Sex
Male
Female
Age group, years
18-24
25-29
30-34
35-39
40-44
45-49
50-54
55-59
60-64
65-69
70-74
75-79
80 and older
Race/ethnicity
White, non-Hispanic
Black, non-Hispanic
Hispanic
Asian
Hawaii Native/Pacific Islander
American Indian/Alaska Native
Other race
Multiracial
County level
Education
Q1 (low)
Q2
Q3
Q4 (high)

OR

ref
1.59
ref
1.63
1.99
2.27
2.22
2.11
2.20
2.18
2.12
1.66
1.22
0.76
0.33

Moderate obesity

95% CI

OR

95% CI

1.53 1.64

ref
0.88

0.86 0.89

1.44
1.77
2.03
2.00
1.90
1.99
1.96
1.92
1.49
1.08
0.67
0.28

1.84
2.23
2.53
2.48
2.35
2.45
2.41
2.36
1.84
1.36
0.87
0.38

ref
1.63
1.98
2.22
2.33
2.42
2.48
2.50
2.60
2.59
2.35
1.95
1.23

1.57
1.91
2.14
2.25
2.33
2.39
2.42
2.51
2.49
2.25
1.86
1.17

1.70
2.05
2.31
2.41
2.51
2.56
2.59
2.70
2.69
2.46
2.04
1.29

1.53
1.33
0.34
1.04
1.29

1.61
1.40
0.39
1.49
1.47

ref
2.27
1.26
0.20
0.93
1.45

2.16
1.18
0.14
0.59
1.27

2.38
1.36
0.28
1.47
1.66

ref
1.57
1.37
0.37
1.25
1.38

1.18
1.48

0.96 1.45
1.32 1.66

1.04
1.19

0.94 1.16
1.12 1.28

1.52
1.44
1.29
ref

1.42 1.62
1.36 1.53
1.22 1.36

1.38
1.28
1.19
ref

1.32 1.44
1.23 1.33
1.15 1.23

OR = odds ratios; 95% CI = 95% Confidence Intervals
*Includes data from 48 states and Washington, D.C.; model includes all variables in the table as
well as random effects for county and state
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Table 2.3. Counties* with highest and lowest prevalence of extreme and moderate obesity in the
contiguous United States, BRFSS 2012
Extreme obesity

Prev
(%)

Moderate obesity

Prev
(%)

Highest prevalence
1. Shelby County, OH

15.7

1. Sabine Parish, LA

41.3

2. Lee-St. Francis Counties, AR

15.1

2. Grenada-Yalobusha Counties, MS

40.2

3. Sumter County, AL

12.6

3. Marshall County, MS

38.8

4. Tate-Tunica Counties, MS

12.3

4. Phillips County, AR

38.4

5. Allendale-Hampton Counties, SC

12.2

38.0

6. West Feliciana Parish, LA

11.9

5. East Feliciana-St. Helena Parishes,
LA
6. Iberville Parish, LA

7. Northampton County, NC

11.5

7. Crenshaw County, AL

37.7

7. Holmes County, MS

11.5

8. Sacramento County, CA

37.5

8. East Carroll-West CarrollMorehouse Parishes, LA
9. Casey County, KY

10.7

9. Greene County, MS

37.2

10.6

10. Rock County, WI

37.2

1. Larimer County, CO

1.3

1. Eagle County, CO

13.3

2. Douglas County, CO

1.6

2. Manhattan, NY

13.7

3. Boulder County, CO

1.7

3. Boulder County, CO

13.8

3. San Francisco County, CA

1.7

4. Santa Clara, CA

14.2

3. Hampshire, MA

1.7

5. Teton, WY

14.3

3. Montgomery County, MD

1.7

6. Fremont-Teton-Madison, ID

14.7

4. Morris County, NJ

1.8

7. Albany County, WY

14.9

4. San Mateo County, CA

1.8

8. San Francisco County, CA

15.0

4. Arapahoe County, CO

1.8

9. Gunnison County, CO

15.1

5. Middlesex County, MA

1.9

10. Seminole County, FL

15.2

37.8

Lowest prevalence

*Counties includes county-like geographic aggregations created to ensure all geographies were
represented in the predictive model
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Figure 2.2. Model-predicted prevalence estimates of (a) extreme and (b) moderate obesity among
adults by county, United States, BRFSS 2012 (Breaks = quantile)
(A) Extreme obesity

(B) Moderate obesity
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Table 2.4. Comparison of (a) direct county-level estimates and (b) weighted state-level estimates
of prevalence of extreme and moderate obesity among adults with model-predicted estimates,
United States, BRFSS 2012
Prevalence estimate, %
Estimate

Corr
coef*

Min

Qrt 1

Med

Qrt 3

Max

IQR

Range

0

2.7

3.9

5.1

13.6

2.4

13.6

1.3

3.2

4.2

5.2

12.2

2.0

10.9

2.5

3.3

4.0

4.8

6.1

1.4

3.6

2.6

3.4

4.0

4.8

5.9

1.4

3.3

4.3

20.6

23.7

26.8

39.0

6.2

34.8

13.3

21.6

24.5

27.5

36.6

5.9

23.3

18.0

22.7

23.9

25.8

28.9

3.1

10.9

18.1

22.2

23.7

25.2

28.7

3.0

10.6

Extreme obesity
Counties**
Direct
SAE

0.81

States***
Weighted direct
Aggregated SAE

0.99

Moderate obesity
Counties**
Direct
SAE

0.86

States***
Weighted direct
Aggregated SAE

0.99

*Pearson Correlation Coefficient
**Among 867 counties with 100 or more observations
***Among 48 contiguous states and Washington D.C. (n=49)
Model containing sex, age group, race/ethnicity, education, and county and state random effects
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Chapter 3: Clustering of Extreme Obesity in the United States

Abstract
Background: Extreme obesity is understood to have an outsized effect on health and mortality,
yet little is known about the distribution of classes of obesity among populations with obesity.
This study is the first to use exploratory spatial data analysis to describe the spatial distribution
of extreme obesity among counties in the United States and to identify spatial clusters of high
prevalence and high burden.
Methods: County-level prevalence estimates of extreme obesity created from the 2012
Behavioral Risk Factor Surveillance System and the Census Bureau were used for this analysis.
Data were analyzed at the county-level using local Moran’s I for identifying clusters of higher
and lower rates of extreme obesity. The county-specific Moran’s I statistics were mapped to
show significant clusters of counties. Spatial dependence of moderate obesity was also assessed
for comparison. The proportion of those having extreme obesity among those with obesity was
calculated for each county and spatial clusters of high and low ratios were examined.
Results: Moran’s I score for extreme obesity was 0.35, indicating the distribution of prevalence
of extreme obesity was spatially clustered. There were significant clusters of high prevalence of
obesity in several regions including the Mississippi Delta region and the Southeastern Coastal
Plains, and significant clusters of low prevalence in the Rocky Mountain region and the
Northeast. The median county proportion of extreme obesity among those with obesity was 0.15
(range, 0.06 to 0.42) and the Moran’s I score was 0.18, indicating significant but low spatial
clustering. Two notable groups of divergent patterns were noted among counties; those showing
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both high prevalence of extreme obesity and obesity overall, and those with high prevalence of
extreme obesity relative to lower prevalence of obesity overall.
Conclusion: County-level prevalence of extreme obesity in the contiguous United States
demonstrated spatial dependence. Hot spots were identified indicating clustering of high
prevalence of extreme obesity, and counties with high proportions of extreme obesity among
those with obesity were identified.

3.1 Introduction
Extreme obesity has been shown to have a greater effect on morbidity and mortality relative to
lower classes of obesity1–5 and is a growing concern in the United States.6 Although distinctions
have been made about risk by increasing BMI among those with obesity, studies have yet to
elucidate the complete epidemiology of extreme obesity, or obesity by class generally.
Geographic place has long been understood as a potential environmental factor,7,8 one of the
three pillars of the epidemiologic triad, alongside host and agent.9 More recent studies show the
prevalence of obesity to vary geographically across the United States, whether the observational
units are states, counties, ZIP codes, or other regions.10–13 However, similar research assessing
spatial variability and dependence does not exist for extreme obesity or among classes of obesity
in general. While it would be expected that there is substantial overlap of areas with high rates of
obesity and high rates of extreme obesity, it is important to examine the extent of overlap and
whether or not there are some areas that diverge; this is important for several reasons, notably
because of the known differences in morbidity and mortality and extra costs of extreme
obesity.14 Specifically, research is needed to identify regions with a disproportionate burden of

54

individuals at the higher levels of BMI among those with obesity; that is, of the population with
obesity, what proportion have extreme obesity?

Spatial data analysis refers to a set of techniques described as “the statistical study of phenomena
that manifest themselves in space”, which are utilized when variables of interest are
hypothesized to vary across space.15,16 When applied to public health, spatial analysis is often
referred to as spatial epidemiology, defined as a body of theory and analytic methods involved in
the study of spatial patterns of disease, as well as the spatial distributions of socioeconomic
factors, environmental patterns, and other determinants of health.17 Exploratory spatial data
analysis (ESDA) is a data-driven approach that is a component of spatial data analysis and has
been compared to Tukey’s methods of exploratory data analysis as applied to georeferenced
data.15,18 While generally considered a step in the process toward statistical model building,18
spatial descriptions, including ESDA, offer an additional perspective to traditional
epidemiological methods, by incorporating not only maps, but also spatial statistical methods to
evaluate differences in rates in different geographical areas, separate patterns from noise, and
identify clusters.17

The purpose of this study was to assess spatial dependence in county-level estimates of extreme
obesity in the contiguous United States and to identify hot spots, or clusters of higher than
average prevalence, and cold spots, or clusters of lower than average prevalence, of extreme
obesity. For comparison, spatial dependence and clustering of moderate obesity was also
assessed. It was hypothesized that county prevalence of extreme obesity would show spatial
dependence and clustering, and that while substantial proportions of areas with high and low
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prevalence would overlap with high and low prevalence of moderate obesity, there would be
some areas and clusters with discordance of obesity groups. Finally, as a means of measuring
additional burden, the proportion of those with extreme obesity among those having obesity was
examined. The null hypothesis in this setting was complete spatial randomness.

3.2 Methods
3.2.1 Study design
This study used a cross-sectional ecological design using ESDA to examine the spatial patterns
of extreme and moderate obesity among counties in the United States using data from the
Behavioral Risk Factor Surveillance System (BRFSS) and the United States Census. This study
was descriptive in nature.

3.2.2 Data and Measures
The BRFSS is an annual, state-based telephone survey of adults ages 18 and older in the United
States, conducted by the Centers for Disease Control and Prevention (CDC), that is designed to
monitor health-related behavior. The cross-sectional survey is weighted to allow for direct
national- and state-level estimates.19 Data are representative of the non-institutionalized
population. The 2012 survey was chosen because a county-level indicator is not available for
surveys from 2013 onward. This publicly available data was downloaded as an ASCII file from
the CDC website.

This study focused on the area within the 48 contiguous states and Washington D.C. Analysis
occurred at the level of county or county-like area. Because the BRFSS is not designed to make
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stable prevalence estimates at geographies smaller than the state, this study used model-based
estimates for county-level analysis that were created in chapter 2 of this dissertation. Briefly, a
multilevel regression and poststratification technique was used to model the probability of
extreme obesity on individual predictors such as sex, age, race/ethnicity, relevant area-level
measures, and county and state random effects. Using Census counts by county for
corresponding sex-age-race demographic subgroups in the county, probabilities obtained from
the model’s results were then multiplied by the proportion of each subgroup and summed over
the county, creating a county prevalence estimate. Prior to estimation some counties were
combined, as not all counties are represented in BRFSS data due to sampling variation and statespecific determination of sub-state sampling.19 In 2012, there were respondents from 2,231 of
3,109 counties in the contiguous United States. Counties missing data were therefore combined
with neighboring counties by means of a geographic aggregation tool than joined neighboring
counties together until a predetermined number of observations were obtained (Appendix III),
leading to 2,215 county or county-like areas.20

The primary outcome was county-specific prevalence estimates of extreme obesity. BMI was
calculated from self-reported weight and height (kg/m2). Obesity, BMI ≥ 30 kg/m2, was divided
into three classes of severity: class I for 30 ≤ BMI < 35; class II for 35 ≤ BMI < 40; and class III
for BMI ≥ 40.0 kg/m2. Extreme obesity (yes/no) was based on the class III cutoff. A secondary
outcome of moderate obesity (yes/no) included classes I and II. The public-use BRFSS dataset
excluded pregnant women and respondents with biologically implausible BMI values.
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The final outcome was the county-specific proportion of extreme obesity among those with
obesity, which was calculated as a measure of excess burden. This was calculated by dividing the
prevalence of extreme obesity by the sum of moderate and extreme obesity prevalence.

State and county border shapefiles used were obtained from U.S. Census’ 2012 TIGER/Line
files21 for the purpose of mapping the prevalence estimates and results from the hot spot analysis.
The Great Lakes were added to the map to improve the interpretability of mapped findings;
Great Lakes polygons were created from the Lakes + Reservoirs shapefile version 4.0.0 of
Natural Earth.22 All maps employed an Albers Equal Area Conic projection, which is commonly
used for mapping the contiguous United States.23

3.2.3 Procedures and Statistical Analysis
ESDA is a suite of techniques that describes spatial distribution, identifies spatial clusters, and
explores spatial non-stationarity, among other goals.24 This analysis followed three steps
common with ESDA: creating choropleth maps to visualize the data, calculating a global index
of spatial autocorrelation to assess overall dependence, and calculating local indices of
autocorrelation to identify local patterns of spatial clustering.

Visualization
First, in order to understand the first-order spatial heterogeneity associated with county-level
model-predicted prevalence, choropleth maps were created for both extreme and moderate
obesity estimates for counties within the contiguous United States. Choropleth maps sort
observed values into bins, similar to a histogram, with each bin corresponding to a color. All
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geographic areas in the same bin are then colored the same across the map.16 A quantile break
system was used and, after exploring the data, five classes were determined to maximize
variability within the data while still allowing for ease of distinguishing classes.25

Global spatial autocorrelation
The Global Moran’s test assessed global spatial autocorrelation, which expresses the overall
similarity between spatially close regions in a study area with respect to a given variable.26
Spatial autocorrelation is a form of spatial dependence where observations have values that are
either more or less similar than would be expected for a randomly associated pair of
observations.17 The test compares neighboring units across the whole study area and informs
about positive spatial autocorrelation or dispersion (heterogeneity) within the data set. Analogous
to non-spatial variability testing, the null hypothesis for this test is that there is complete spatial
randomness; the corresponding p value represents the probability that the observed spatial
pattern is created by chance.

The Moran’s I statistic represents a cross-product statistic between a variable and it’s spatial lag,
indicating the degree of linear association between the vector of observed variables and the
weighted average of neighboring values.15,27,28 It indicates the average trend of the distribution of
a variable over space; positive spatial autocorrelation exists when data are distributed such that
high values are near high values and low values are near low values.29 The Moran’s I ranges
between -1 and 1, with a positive value indicating clustering and a negative value indicating
dispersal. A value of 1 therefor indicates total positive autocorrelation, -1 indicates total negative
spatial autocorrelation (a checkerboard pattern), and 0 indicates complete spatial randomness.
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The Moran’s I statistic is defined as:

𝐼=

𝑛 ∑𝑛𝑖=1 ∑𝑛𝑗=1 𝑤𝑖,𝑗 𝑧𝑖 𝑧𝑗
∑𝑛𝑖=1 𝑧𝑖2
𝑆0

for observations at 𝑖 = 1, … , 𝑛 locations, 𝑧𝑖 and 𝑧𝑗 represents the deviations from the mean, (𝑥𝑖 −
𝑥̅ ) and (𝑥𝑗 − 𝑥̅ ) respectively, and 𝑤𝑖,𝑗 is the spatial weight for locations 𝑖 and 𝑗. 𝑆0 represents
the aggregate of all spatial weights and is given by:

𝑆0 = ∑𝑛𝑖=1 ∑𝑛𝑗=1 𝑤𝑖,𝑗

The Z-score for the statistic is computed as:

𝑧𝐼 =

𝐼−𝐸[𝐼]
√𝑉[𝐼]

Where E[I] represents the expected value given no spatial autocorrelation (the null hypothesis)
and V[I] represents the variance, as follows.30

−1

𝐸[𝐼] = (𝑛−1)
𝑉[𝐼] = 𝐸[𝐼 2 ] − 𝐸[𝐼]2
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The Global Moran’s I was calculated to determine whether there was overall spatial
autocorrelation for prevalence of each group of obesity among counties. That is, two sets of
equations were constructed for extreme obesity and moderate obesity. A pseudo p value was then
calculated for each indicator by running 999 permutations, creating a distribution around the
original index value. If M represents the number of permutations run and R refers to the number
of times a permutation index is equal to or more extreme than the index value, the p value is
equivalent to (𝑅 + 1)⁄(𝑀 + 1).28

Moran’s scatter plots, graphing the rates of each obesity group against the spatially lagged rate,
were then constructed. In these plots, rates and spatial lag are standardized and presented in
standard deviation units. A linear regression fit line was computed that determined the direction
and strength of any potential spatial dependence,28 followed by a locally weighted scatterplot
smoother (LOWESS) fit line to identify the presence of distinct slopes indicating a non-linear
global relationship. Distinct slopes are an indication of inappropriateness of a single global
measure to describe the spatial association.15

Local patterns of clustering
Following global testing, local indicators of spatial association (LISA) were used to detect local
spatial clustering and to identify geographic areas where spatial patterning was located for each
indicator. Individual values of Local Moran’s I were calculated to indicate the presence or
absence of spatial clusters at each observation. These statistics decompose the global indicator
into the contribution of each individual observation. The average of these statistics is
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proportional to the Global Moran’s I 31,32 and, using notation similar to the global Moran’s I, can
be depicted as follows:

𝐼𝑖 = 𝑧𝑖 ∑𝑗 𝑤𝑖𝑗 𝑧𝑗

Such that 𝐼𝑖 refers to the local Moran’s I at location 𝑖 and deviations from the mean are summed
over 𝑗 neighboring values.31

Local Moran’s I statistics identify significant clusters and can be visualized and mapped to
identify hot spots and cold spots. The county-specific Moran’s I statistics were mapped to show
significant clusters of prevalence of obesity group.

A first-order queen contiguity weights matrix was chosen, though a sensitivity analysis was run
utilizing both a rook and k-nearest neighbors (k=4) matrix (Appendix VII). Generally, a weights
matrix defines the spatial relationships such that closer areas receive a greater weight in
calculations than those that are further away.27 In the queen matrix, all areas contiguous to the
observed location are incorporated into the weighting scheme (as in a queen’s movement in
chess). In a rook matrix, regions are spatial neighbors if they share a side but not if they meet at
only one vertex. For a k-nearest neighbors’ matrix, centroid distances between polygons are
calculated to determine the closest k neighbors for incorporation into the weighting scheme.

The final objective was to examine the proportion of extreme obesity among the population with
obesity for each county. The three ESDA steps were repeated for the measure of the county-
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specific proportion of extreme obesity among those with obesity. In post-hoc analysis, a parallel
coordinate plot (PCP) was created to visually identify counties displaying unique patterns of
moderate obesity, extreme obesity, and ratio of extreme to overall obesity. In a PCP, a parallel
axis exists for each variable. Every observation – in this case county – has a line connecting
values across all axes. PCPs easily show where high and low values align or diverge and are
useful for visualizing relationships between three or more variables.33,34 From this chart, at-risk
counties with two distinct burdens were identified. The first set of identified counties were those
with a “double burden”, defined as areas having high rates of moderate and extreme obesity and
high proportion of extreme obesity among those with obesity. The second set of counties were
those with a “hidden burden”, defined as areas having low rates of moderate obesity (and thus
low rates of obesity generally), relatively high rates of extreme obesity, and high proportion of
extreme obesity among those with obesity. Identified counties were depicted on a map and listed
by name.

This analysis was conducted using SAS version 9.4 (SAS Institute, Cary, NC), GeoDa 1.8.16.4,35
and QGIS version 2.18.

3.3 Results
3.3.1 Mapping Variables
The geographical distribution of model-predicted county-level prevalence estimates of extreme
and moderate obesity are shown in Figure 3.1 and were described in detail in chapter 2.
Prevalence is depicted using quintiles from lowest to highest. As expected, substantial
geographic variation was observed in prevalence estimates of extreme and moderate obesity
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across the United States; there were visually pronounced clusters of high prevalence and areas
showing consistent low prevalence. Extreme obesity appeared most prevalent in the eastern half
of the United States, with the densest areas of highest prevalence in the southern states. This
pattern was similar for moderate obesity, though there also appeared to be several counties with
high prevalence located in the western United States, albeit these areas were not as densely
packed as observed with extreme obesity.

3.3.2. Global Spatial Autocorrelation
Table 3.1 presents the global Moran’s I statistic with p values for extreme obesity and moderate
obesity. Significant spatial clustering of extreme and moderate obesity was indicated by global
spatial autocorrelation statistics for all county-specific rates. Specifically, the Moran’s I for
extreme obesity was 0.352 (pseudo p value 0.001), indicating that across the contiguous United
States the distribution of prevalence of extreme obesity was spatially autocorrelated; nearby
counties had prevalence estimates that were more similar to one another than to counties farther
away. The Moran’s scatterplot (Figure 3.2) further shows that counties with high or low
prevalence of extreme obesity were generally surrounded by counties with similar extreme
obesity prevalence rates. The Moran’s Index for moderate obesity was similar to extreme
obesity, at 0.376 (pseudo p value 0.001). Results in the Moran’s scatterplot for moderate obesity
also indicated that counties with high or low prevalence of moderate obesity were generally
surrounded by counties with similar moderate obesity prevalence rates. Comparatively, the
scatterplot for extreme obesity was denser, with some variability seen among the higher rates
(patterning in quadrant I), while the scatterplot for moderate obesity was less dense and had more
consistent spread across all quadrants.
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3.3.3 Cluster Detection among Counties
Statistically significant spatial clusters of extreme obesity are presented in Figure 3.3. Of the
2,215 counties or county-like areas, there were 208 hot spot counties and 326 cold spot counties.
There were two main hot spot clusters identified for extreme obesity and several smaller isolated
clusters. The largest cluster was comprised of counties in the southern states including Arkansas,
Louisiana, Mississippi, Alabama, and a few north-eastern Texas counties, as well as the
southwestern tip of Georgia. This cluster is especially dense in the counties surrounding the
Mississippi River, running along the borders of Arkansas, Louisiana, and Mississippi. The
second largest cluster was found predominantly in counties in the lower half of South Carolina
and reaching up to parts of central North Carolina and Virginia. A small hot spot cluster was also
found among counties in Ohio’s rural northwest region and there were several small hot spots
throughout Kentucky.

A broad swath of the western United States and the Great Plains region showed cold spots of
lower prevalence of extreme obesity: specifically, Nevada, Utah, Colorado, counties in
California, Idaho, Montana, Wyoming, the Dakotas, Arizona, New Mexico, and almost all of
Minnesota. The second predominant cold spot was located among counties in New England,
including all of Massachusetts and Rhode Island, most of Vermont, Connecticut and New Jersey,
as well as parts of New Hampshire, New York, and Pennsylvania. There was also a cold spot in
Washington D.C. and surrounding suburbs, the southern tip of Florida, and several very small
clusters in Central Texas among both rural counties and those in the San Antonio-New
Braunfels, Austin-Round Rock, and San Angelo metropolitan areas. Georgia also contained a
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small cold spot cluster of lower prevalence of extreme obesity in the counties comprising the
Atlanta metropolitan area, as did northwest Washington State, eastern Nebraska and Kansas, and
the Northern Great Lakes region.

Statistically significant spatial clusters of moderate obesity are presented in Figure 3.3(B). There
were 262 hot spot counties and 248 cold spot counties. There was one main hot spot cluster
identified for moderate obesity and a few smaller clusters. Similar to extreme obesity, the
predominant cluster was comprised of counties in the southern states including Arkansas,
Louisiana, Mississippi, Alabama, and a few Texas counties as well as the southwestern tip of
Georgia. Unlike with extreme obesity, this cluster also included counties in the eastern part of
Oklahoma. There were also two hot spot clusters in west and south Texas. Similar to extreme
obesity there was a noticeable, but smaller, cluster found in South Carolina and reaching up to
parts of North Carolina and Virginia. Additional small, less-dense clusters were found in West
Virginia, Ohio, and Kentucky, and there was a small cluster in northern Michigan.

Cold spots for moderate obesity were identified in a smaller area of the county relative to
extreme obesity. The western cluster was based among counties in Utah, Colorado, Wyoming,
Idaho, Montana, and western Washington. The second predominant cold spot for moderate
obesity was located among counties in New England and was denser than for extreme obesity. It
included all of Massachusetts and Vermont, most of New Hampshire, Rhode Island, Connecticut
and New Jersey, as well as parts of Maine, New York, and Pennsylvania. Similar to extreme
obesity, there was also a cold spot in Washington D.C. and surrounding suburbs. The southern
tip of Florida also showed a cluster of lower prevalence, and this cluster was larger for moderate
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obesity than for extreme obesity and also extended up into central Florida. Notably, the only area
in Minnesota that was a cold spot was the Minneapolis-St. Paul metropolitan area; this is in
contrast to Minnesota forming the majority of an extreme obesity cold spot cluster.

3.3.4 Proportion of Extreme Obesity among Individuals with Obesity
The median county proportion of extreme obesity among those with obesity was 0.15 (range,
0.06 to 0.42); that is, among counties, 6% to 42% of the population with obesity had extreme
obesity. The map showing the proportion of extreme obesity among those with obesity (Figure
3.4) appears somewhat similar to the map of prevalence of extreme obesity, with some notable
differences. Counties with the highest quintile of the proportion were predominantly in the
Midwest and the Southeast, though high quintiles were also found along the west coast, in
Maine, and some of the mountain states, particularly Montana. There appears to be more
regional variability in proportions; that is, counties with high prevalence were less densely
packed relative to prevalence rates of either extreme or moderate obesity.

Table 3.1 presents the global Moran’s I statistic with p values for the proportion of extreme
obesity among those with obesity. The Moran’s Index for the proportion of extreme obesity was
0.178 (pseudo p value 0.001), indicating significant but relatively low global spatial
autocorrelation.

The LISA cluster map (Figure 3.5) shows that, unlike with extreme and moderate obesity, there
was less area associated with clustering for the proportion indicator. There was a hot spot cluster
running through eastern and southern Arkansas, west and central Mississippi, parts of Louisiana,
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and the western border of Alabama. This cluster overlaps with the extreme obesity cluster but
does not encompass as many counties. This pattern is similar for the cluster in South and North
Carolina, extending slightly to Virginia – it overlaps with the hot spot of extreme obesity but
encompasses fewer overall counties. The third substantial cluster was located in Ohio’s rural
northwest, overlapping with the high rates of extreme obesity found in this area. Clusters of
lower than average proportions were found in the west, primarily including counties in
California, Nevada, Utah, Colorado, and New Mexico, and in the middle of the country
including Minnesota and parts of North and South Dakota.

A PCP comparing moderate obesity, extreme obesity, and the proportion values can be found in
Figure 3.7. The plot consists of three horizontal axes and is read as increasing values of moderate
obesity along the top horizontal axis, increasing values of extreme obesity along the middle axis,
and increasing values of the proportion of extreme obesity among those with obesity along the
bottom horizontal axis. A line connects the three values for an individual county. In the PCP, the
general trend among counties was for moderate obesity to track to somewhat lower values of
extreme obesity, particularly among counties with the highest quintile of moderate obesity.
Counties then tracked either slightly lower with the extreme obesity to obesity proportion value,
or slightly higher for those counties in the lowest quintile of moderate obesity.

Two groups of divergent patterns were noted. Figure 3.8 highlights eight counties showing high
prevalence of moderate obesity, high prevalence of extreme obesity, and a high proportion of
extreme obesity among those with obesity. These counties were labeled “double burdened”
because not only did they show the highest prevalence of moderate and extreme obesity (the first
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burden), but the proportion value indicates that they have a much higher than average burden of
extreme obesity among those with obesity (the second burden). All of these counties were within
southern states, including Louisiana, Arkansas, Alabama, Mississippi, and North Carolina (Table
3.2). The other divergent pattern identified is highlighted in Figure 3.9. These 14 counties had
prevalence of moderate obesity in the lowest quintile, a high prevalence of extreme obesity, and
a high proportion of extreme obesity among those with obesity. In other words, these counties
had a “hidden burden” because of the overall lower prevalence of obesity, which meant they
would not typically be identified as among the counties with the greatest burden of obesity.
While some of these counties were in southern states, they also were from states such as
California, Illinois, Montana, Ohio, and Wisconsin (Table 3.3).

3.4 Discussion
These findings confirm that county-level prevalence of extreme obesity is spatially dependent in
the contiguous United States. The examination of geographic variation and spatial clustering
among counties identified and located significant hot spots of extreme obesity. There were two
large hot spots in the southeastern states and a small but significant cluster in Ohio. Prevalence
of moderate obesity was also found to be spatially dependent and hot spots for moderate obesity
were similarly found in the southeastern states and Texas. Large variations among counties
emphasize the importance of understanding sub-state distribution.

Hot spots identified for each obesity group were partially consistent with research of patterns
among obesity as a whole with some notable exceptions.36 While the two southern clusters of
extreme obesity overlap with clusters of overall obesity found by other researchers, there are two
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distinct hot spots of obesity that were not found in the current research. Slack et al. found a
substantial hot spot among counties in Kentucky and West Virginia and a second smaller hot
spot in South and North Dakota.12 In this analysis, small sporadic clusters of extreme obesity
were found in Kentucky and small sporadic clusters of moderate obesity were found primarily in
West Virginia, but neither were as substantial as what was observed among obesity as a whole.
Interestingly, while no hot spots of extreme or moderate obesity were found in the Dakotas,
findings from this study seem to indicate that the higher rates of obesity found by other
researchers may be driven by higher rates of extreme obesity specifically; this area was identified
as a high-low area in the LISA results for extreme obesity and was surrounded by a large cold
spot. That is, there was an outlier county with high prevalence of extreme obesity surrounded
primarily by counties with low prevalence.

Overall, one would expect more restrictive hot spot areas and larger cold spot areas for extreme
obesity than for moderate obesity, which was confirmed with the data. This is indicative of the
demographic predictors of extreme obesity – particularly, the increased strength of the
association between non-Hispanic Black and extreme obesity relative to the association for
moderate obesity that was identified in Chapter 2. Counties with majority non-Hispanic Black
populations are generally restricted to southern states.

There are several theories why obesity would show spatial clustering (because similar studies do
not exist by class of obesity, it is both necessary and reasonable to explore findings in the context
of theories proposed for spatial clustering of overall obesity). One dominant theory posits that
obesity occurs in clusters due to influences from a shared environment.26 For example, a study
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using address point data in Seattle, WA explored whether spatial clustering of obesity could be
explained by neighborhood characteristics and the built environment.37 Researchers found that
property value was significantly related to high and low BMI clusters, suggesting differences
driven by neighborhood economic factors, and they hypothesized that higher property values
might indicate nearby presence of parks, supermarkets, and other features of the built
environment conducive to healthy behavior – a hypothesis which is supported by findings from
other studies.38,39 The present study uses geographies that are too large to directly test many
elements of a shared environment, but it is plausible that clustering by counties could occur due
to sociodemographic composition more similar to one another than in further areas or factors
associated with having a shared policy environment. Given the latter, changes to policy that
support healthy BMI and adoption of broad population-level interventions at the local level could
support decreasing area prevalence of extreme obesity.

A second and opposing theory focuses on the social contagion of obesity. A longitudinal study
conducted by Christakis and Fowler that examined the spread of obesity among an
interconnected social network of over 12,000 people found a higher risk of developing obesity
among individuals directly connected to someone with obesity, extending out to individuals up to
a third degree of separation.40 The researchers found an individual’s risk of becoming obese
increased between 37% and 71% based on whether that person had a spouse, sibling, or samesex friend who became obese during a given interval, and that no significant risk was found
among neighbors, thus concluding that their findings indicated that obesity may spread
quantifiably among social networks in a manner that is more important than geographic factors
and arguing that these findings discounted the theory of a common exposure to an environmental
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factor as leading to obesity.40 However, other researchers have countered that this study’s
findings did not adequately account for contextual effects, the presence of which led to the
appearance of effects from social networks.41 Another study exploited the peripatetic nature of
military families; researchers assessed the effect of the county’s rate of obesity in which families
were stationed and found that the obesity rate of a county was significantly associated with odds
of obesity among both adults and children, and that the strength of the association increased with
longer residence.42 However, while the authors hypothesized that this was due to social
contagion, they did not offer support ruling out the effect of a shared environment or an
interaction between social norms and the shared environment.

An interesting finding was that cold spots of low prevalence were found in metropolitan regions
of states traditionally found to have high prevalence of obesity. (See map showing urban areas in
appendix VIII). Specifically, Atlanta, GA and metropolitan areas in Texas were found to
represent small cold spots for extreme obesity, and, to a lesser extent, moderate obesity. These
findings are consistent with prior obesity research indicating lower rates in urban relative to rural
areas.43

While the findings in the present study do not have the granularity to assess social networks,
future research exploring the effect of social networks on likelihood of extreme obesity, as well
as on transition from moderate to extreme obesity, would be informative, as would studies on
interventions that exploit social networks to lower BMI. For example, a recent study found that
spouses of participants in a weight loss program benefited from the intervention and lost weight
even though they did not personally participate.44 It is also important to consider that the
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environmental or social contagion theories do not need to be mutually exclusive and are
components of a larger system underlying differences in prevalence of extreme obesity.

This study also examined additional indicators of burden by calculating the proportion extreme
obesity among those with obesity. By comparing the burden indicator with the prevalence of
moderate obesity and extreme obesity, we were able to find areas that are ‘double burdened’ –
that is, areas that had a high prevalence of obesity and a high proportion of extreme obesity
among those with obesity. This is important because it identifies risk above and beyond what
might be identified from prevalence measures alone. Identified counties may be expected to have
greater healthcare need and expense given increases in costs and healthcare utilization due to
extreme obesity and high BMI.45,46 One of the double-burdened counties – Sumter County,
Alabama – showed high rates of preventable hospital stays relative to other counties in Alabama
and ranked 66th of 67 counties in the state in terms of premature death even though another
clinical indicator, percent uninsured, was in line with the state average.47 Similar disparities were
found among several of the other counties identified as double burdened.48–50

Also interesting are the findings of counties with low prevalence of moderate obesity but high
prevalence of extreme obesity. These counties had a high proportion of extreme obesity among
those with obesity and would not typically be flagged as having problematic rates of obesity – a
‘hidden burden’. That there is a disproportionately high incidence of extreme obesity among
those who have obesity indicates the likelihood of county-level misclassification of risk. As an
example, a recent funding opportunity supporting implementation of strategies to increase access
to healthy food and places for physical activity was made available for organizations serving
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counties having an obesity prevalence of at least 40%.51 Findings from this analysis have
identified a set of counties that would be excluded from receiving this funding due to a lower
prevalence of overall obesity, though they are most certainly at high risk from having very high
prevalence rates of extreme obesity.

There are several limitations to this study. First, the BRFSS relies on self-reported weight and
height to calculate BMI. Self-report has been demonstrated to underestimate BMI, with a greater
bias among those with obesity.52,53 Estimates are likely conservative with true rates of moderate
and extreme obesity actually higher.

In addition, there are several issues to be considered before constructing a spatial analysis using
aggregated data. As with non-spatial analyses, choice of measures and methods are crucial and
when poorly made will result in invalid or imprecise findings. Structurally, there is a need to
balance the issue of small numbers of cases when the study area is subdivided into very small
regions verses the desire for smaller regions to provide more localized information. Numbers that
are too small will affect the statistical stability of estimates, but regions that are too large may
contain too much heterogeneity to allow for a useful interpretation of results.17 Methodologists
have expanded on the latter with the concept of the modifiable areal unit problem, describing the
variability in both cluster detection and the association found between a predictor and outcome
given different types of aggregation (e.g. census tracts vs. zip codes), and highlighting the
somewhat arbitrary shapes and delineations of regions used in many analyses.17 Counties are
conceptualized spatially as polygons. Another challenge is in the determination of weights
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function or matrix to use. There are many weighting functions that define how much weight is
given to an observation as a function of distance.28

This analysis used prevalence rates estimated via the small area estimation technique of
multilevel regression and poststratification. As such, estimates are not direct from the BRFSS but
were model-predicted based on the survey respondent’s age, sex, race/ethnicity, county and state
of residence, and area measure of education. While direct estimates would be preferable, reliable
estimates do not exist at the level of the county in this case.

Despite these challenges, incorporation of a spatial approach into traditional epidemiological
studies yields novel insights.7 Spatial analysis speaks to the spatial heterogeneity of many public
health concerns and provides findings than help to describe and unpack “place” from other health
determinants. This study contributes to the field of obesity research in several important ways. It
is the first study to explore the distribution of county-level prevalence of extreme obesity. It is
also the first to explore clustering among not only extreme obesity but also among the proportion
of extreme obesity among those with obesity. In addition to shedding light on the epidemiology
of extreme obesity, results of this research have important implications for policy, as current
means of identifying counties with high rates of obesity may be missing high-risk counties with
differential patterns of moderate and extreme obesity.

75

3.5 References
1.

Must A, Spadano J, Coakley EH, Field AE, Colditz G, Dietz WH. The disease burden
associated with overweight and obesity. JAMA. 1999;282(16):1523-1529.

2.

McHugh MK, Symanski E, Pompeii LA, Delclos GL. Prevalence of asthma among adult
females and males in the United States: results from the National Health and Nutrition
Examination Survey (NHANES), 2001-2004. J Asthma. 2009;46(8):759-766.

3.

Salihu HM, Dunlop A-L, Hedayatzadeh M, Alio AP, Kirby RS, Alexander GR. Extreme
obesity and risk of stillbirth among black and white gravidas. Obstet Gynecol.
2007;110(3):552-557. doi:10.1097/01.AOG.0000270159.80607.10

4.

Martino JL, Stapleton RD, Wang M, et al. Extreme obesity and outcomes in critically ill
patients. Chest. 2011;140(5):1198-1206. doi:10.1378/chest.10-3023

5.

Kitahara CM, Flint AJ, Berrington de Gonzalez A, et al. Association between class III
obesity (BMI of 40-59 kg/m2) and mortality: a pooled analysis of 20 prospective studies.
PLoS Med. 2014;11(7):e1001673. doi:10.1371/journal.pmed.1001673

6.

Hales CM, Fryar CD, Carroll MD, Freedman DS, Ogden CL. Trends in Obesity and Severe
Obesity Prevalence in US Youth and Adults by Sex and Age, 2007-2008 to 2015-2016.
JAMA. 2018;319(16):1723-1725. doi:10.1001/jama.2018.3060

7.

Krieger N. Place, space, and health: GIS and epidemiology. Epidemiology. 2003;14(4):384385. doi:10.1097/01.ede.0000071473.69307.8a

8.

Auchincloss AH, Gebreab SY, Mair C, Roux AVD. A Review of Spatial Methods in
Epidemiology, 2000–2010. Annual Review of Public Health. 2012;33(1):107-122.
doi:10.1146/annurev-publhealth-031811-124655

9.

Gordis L. Epidemiology. 5th Edition. Philadelphia, PA: Elsevier Saunders; 2014.

10. Gartner DR, Taber DR, Hirsch JA, Robinson WR. The spatial distribution of gender
differences in obesity prevalence differs from overall obesity prevalence among US adults.
Ann Epidemiol. 2016;26(4):293-298. doi:10.1016/j.annepidem.2016.02.010
11. Dwyer-Lindgren L, Freedman G, Engell RE, et al. Prevalence of physical activity and
obesity in US counties, 2001-2011: a road map for action. Popul Health Metr. 2013;11:7.
doi:10.1186/1478-7954-11-7
12. Slack T, Myers CA, Martin CK, Heymsfield SB. The geographic concentration of US adult
obesity prevalence and associated social, economic, and environmental factors. Obesity
(Silver Spring). 2014;22(3):868-874. doi:10.1002/oby.20502
13. Drewnowski A, D. Rehm C, Solet D. Disparities in obesity rates: Analysis by ZIP code
area. Social Science & Medicine. 2007;65(12):2458-2463.
doi:10.1016/j.socscimed.2007.07.001
14. Grieve E, Fenwick E, Yang H-C, Lean M. The disproportionate economic burden
associated with severe and complicated obesity: a systematic review. Obes Rev.
2013;14(11):883-894. doi:10.1111/obr.12059

76

15. Anselin L. The Moran Scatterplot as an ESDA Tool to Assess Local Instability in Spatial
Association. In: Spatial Analytical Perspectives on GIS. London : Taylor & Francis; 1996.
https://trove.nla.gov.au/version/25392800. Accessed April 19, 2018.
16. Fischer MM. Spatial Analysis in Geography. In: Spatial Analysis and GeoComputation.
Springer, Berlin, Heidelberg; 2006:17-28. doi:10.1007/3-540-35730-0_2
17. Waller LA, Gotway CA. Applied Spatial Statistics for Public Health Data. Hoboken, New
Jersey: John Wiley & Sons, Inc.; 2004.
18. Fischer MM, Getis A, eds. Handbook of Applied Spatial Analysis: Software Tools, Methods
and Applications. Berlin Heidelberg: Springer-Verlag; 2010.
//www.springer.com/us/book/9783642036460. Accessed May 26, 2018.
19. Centers for Disease Control and Prevention (CDC). The BRFSS Data User Guide. August
2013. https://www.cdc.gov/brfss/data_documentation/pdf/userguidejune2013.pdf.
Accessed November 15, 2017.
20. Talbot TO, LaSelva GD. Geographic Aggregation Tool. Albany, NY: New York State
Health Department; 2015.
https://www.albany.edu/faculty/ttalbot/GAT/GAT_vR13_guide.pdf.
21. US Census Bureau. TIGER Products. https://www.census.gov/geo/mapsdata/data/tiger.html. Accessed March 18, 2018.
22. Natural Earth. http://www.naturalearthdata.com/. Accessed March 18, 2018.
23. Snyder JP. Map Projections Used by the U.S. Geological Survey. Washington, D.C.: U.S.
Government Printing Office; 1982. http://pubs.er.usgs.gov/publication/b1532. Accessed
August 20, 2018.
24. Anselin L. Interactive techniques and exploratory spatial data analysis. In: Geographical
Information Systems: Principles, Techniques, Management and Applications. New York:
Wiley; 1999.
25. Brewer CA, Pickle L. Evaluation of Methods for Classifying Epidemiological Data on
Choropleth Maps in Series. Annals of the Association of American Geographers.
2002;92(4):662-681. doi:10.1111/1467-8306.00310
26. Pfeiffer DU, Robinson TP, Stevenson M, Stevens KB, David J. Rogers, Archie C.A.
Clements. Spatial Analysis in Epidemiology. Oxford, New York: Oxford University Press;
2008.
27. Moran PAP. Notes on Continuous Stochastic Phenomena. Biometrika. 1950;37(1/2):17-23.
doi:10.2307/2332142
28. Anselin L. Global Spatial Autocorrelation - Moran Scatter Plot and Spatial Correlogram.
GeoDa - An Introduction to Spatial Data Analysis.
https://geodacenter.github.io/workbook/5a_global_auto/lab5a.html. Published April 3,
2018. Accessed April 15, 2018.
29. Fotheringham AS, Brunsdon C. Local forms of spatial analysis. Geographical Analysis.
1999;31(4):340-358. doi:10.1111/j.1538-4632.1999.tb00989.x

77

30. ESRI. How Spatial Autocorrelation (Global Moran’s I) works. ArcMap Tools.
http://desktop.arcgis.com/en/arcmap/10.3/tools/spatial-statistics-toolbox/h-how-spatialautocorrelation-moran-s-i-spatial-st.htm. Accessed April 15, 2018.
31. Anselin L. Local indicators of spatial association—LISA. Geographical analysis.
1995;27(2):93-115.
32. Terms Used in GeoDa. GeoDa - An Introduction to Spatial Data Analysis.
https://geodacenter.github.io/glossary.html#lisa2. Accessed April 15, 2018.
33. Wegman EJ. Hyperdimensional Data Analysis Using Parallel Coordinates. Journal of the
American Statistical Association. 1990;85(411):664-675. doi:10.2307/2290001
34. Anselin L. Exploratory Data Analysis (2): Multivariate Exploration. GeoDa - An
Introduction to Spatial Data Analysis.
https://geodacenter.github.io/workbook/2b_eda_multi/lab2b.html#parallel-coordinateplot-pcp. Published April 3, 2018. Accessed April 15, 2018.
35. Anselin L, Syabri I, Kho Y. GeoDa: An introduction to spatial data analysis. Geographical
analysis, Geogrhical Analysis. 2006;38(1):5-22. doi:10.1111/j.0016-7363.2005.00671.x
36. Michimi A, Wimberly MC. Spatial patterns of obesity and associated risk factors in the
conterminous U.S. Am J Prev Med. 2010;39(2):e1-12. doi:10.1016/j.amepre.2010.04.008
37. Huang R, Moudon AV, Cook AJ, Drewnowski A. The spatial clustering of obesity: does
the built environment matter? J Hum Nutr Diet. 2015;28(6):604-612.
doi:10.1111/jhn.12279
38. Barrett M, Crozier S, Lewis D, et al. Greater access to healthy food outlets in the home and
school environment is associated with better dietary quality in young children. Public
Health Nutr. 2017;20(18):3316-3325. doi:10.1017/S1368980017002075
39. Veitch J, Salmon J, Crawford D, et al. The REVAMP natural experiment study: the impact
of a play-scape installation on park visitation and park-based physical activity. Int J Behav
Nutr Phys Act. 2018;15(1):10. doi:10.1186/s12966-017-0625-5
40. Christakis NA, Fowler JH. The spread of obesity in a large social network over 32 years. N
Engl J Med. 2007;357(4):370-379. doi:10.1056/NEJMsa066082
41. Cohen-Cole E, Fletcher JM. Is obesity contagious? Social networks vs. environmental
factors in the obesity epidemic. J Health Econ. 2008;27(5):1382-1387.
doi:10.1016/j.jhealeco.2008.04.005
42. Datar A, Nicosia N. Assessing Social Contagion in Body Mass Index, Overweight, and
Obesity Using a Natural Experiment. JAMA Pediatr. 2018;172(3):239-246.
doi:10.1001/jamapediatrics.2017.4882
43. Befort CA, Nazir N, Perri MG. Prevalence of obesity among adults from rural and urban
areas of the United States: findings from NHANES (2005-2008). J Rural Health.
2012;28(4):392-397. doi:10.1111/j.1748-0361.2012.00411.x
44. Gorin AA, Lenz EM, Cornelius T, Huedo-Medina T, Wojtanowski AC, Foster GD.
Randomized Controlled Trial Examining the Ripple Effect of a Nationally Available

78

Weight Management Program on Untreated Spouses. Obesity (Silver Spring).
2018;26(3):499-504. doi:10.1002/oby.22098
45. Arterburn DE, Maciejewski ML, Tsevat J. Impact of morbid obesity on medical
expenditures in adults. Int J Obes (Lond). 2005;29(3):334-339. doi:10.1038/sj.ijo.0802896
46. Maradit Kremers H, Visscher SL, Kremers WK, Naessens JM, Lewallen DG. Obesity
increases length of stay and direct medical costs in total hip arthroplasty. Clin Orthop
Relat Res. 2014;472(4):1232-1239. doi:10.1007/s11999-013-3316-9
47. Robert Wood Johnson Foundation. County Health Rankings & Roadmaps - Alabama.
County Health Rankings & Roadmaps.
www.countyhealthrankings.org/app/alabama/2018/sumter/county/overall/snapshot.
Published 2018. Accessed June 13, 2018.
48. Robert Wood Johnson Foundation. County Health Rankings & Roadmaps - Arkansas.
County Health Rankings & Roadmaps.
www.countyhealthrankings.org/app/arkansas/2018/sumter/county/overall/snapshot.
Published 2018. Accessed June 13, 2018.
49. Robert Wood Johnson Foundation. County Health Rankings & Roadmaps - Louisiana.
County Health Rankings & Roadmaps.
www.countyhealthrankings.org/app/louisiana/2018/sumter/county/overall/snapshot.
Published 2018. Accessed June 13, 2018.
50. Robert Wood Johnson Foundation. County Health Rankings & Roadmaps - North Carolina.
County Health Rankings & Roadmaps. www.countyhealthrankings.org/app/northcarolina/2018/sumter/county/overall/snapshot. Published 2018. Accessed June 13, 2018.
51. Centers for Disease Control and Prevention. Grants notice CDC-RFA-DP18-1809. 2018.
https://www.grants.gov/web/grants/search-grants.html?keywords=high%20obesity.
Accessed June 13, 2018.
52. Merrill RM, Richardson JS. Validity of self-reported height, weight, and body mass index:
findings from the National Health and Nutrition Examination Survey, 2001-2006. Prev
Chronic Dis. 2009;6(4):A121.
53. Shields M, Connor Gorber S, Tremblay MS. Estimates of obesity based on self-report
versus direct measures. Health Rep. 2008;19(2):61-76.
54. Lloyd C. Exploring Spatial Scale in Geography. Somerset, GB: Wiley-Blackwell; 2014.

79

Figure 3.1. Spatial distribution of model-predicted prevalence estimates of (A) extreme and (B)
moderate obesity among adults by county, United States, BRFSS 2012 (Breaks = quantile)
(A) Extreme obesity

(B) Moderate obesity

80

Table 3.1. Spatial autocorrelation of prevalence of extreme and moderate obesity in the United
States among counties, BRFSS 2012

Extreme obesity
Moderate obesity
Proportion of extreme obesity|obese
*999 permutations

Moran’s I
0.3520
0.3760
0.1775

p value*
0.001
0.001
0.001
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Figure 3.2. Moran’s scatterplots showing rate by spatially lagged rate for (a) extreme obesity and
(b) moderate obesity among adults in counties in the contiguous United States, 2012
(a) Extreme obesity

(b) Moderate obesity
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Figure 3.3. LISA cluster maps for (A) extreme obesity and (B) moderate obesity among adults
by county in the contiguous United States, 2012
(A) Extreme obesity

(B) Moderate obesity
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Figure 3.4. Proportion of adults with extreme obesity among those with total obesity by county
in the contiguous United States, 2012

Figure 3.5. LISA cluster maps for proportion of adults with extreme obesity among those with
total obesity by county in the contiguous United States, 2012
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Figure 3.6. Moran’s scatterplots showing rate of spatially lagged rate for the proportion of
extreme obesity among total obesity by county in the contiguous United States, 2012
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Figure 3.7. Parallel coordinate plot of moderate obesity, extreme obesity, and the proportion of
extreme obesity among total obesity by county; color-coded quintiles of moderate obesity
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Figure 3.8. (a) Parallel coordinate plot and (b) map showing selected counties with high
prevalence of moderate obesity, high prevalence of extreme obesity, and high proportion of
extreme obesity among those with obesity (double-burdened)
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Table 3.2. Counties identified with high prevalence of moderate obesity, high prevalence of
extreme obesity, and high proportion of extreme obesity among those with obesity (double
burden)
County

State

Sumter County

AL

Population* Moderate Extreme Ratio of
obesity
obesity extreme obese
among obese
13,483
31.5
12.6
0.286

Lee-St. Francis
Counties

AR

37,842

30.9

15.1

0.328

Franklin County

AR

17,957

30.6

10.4

0.254

Bossier Parish

LA

121,794

29.6

10.5

0.262

East Carroll-West
CarrollMorehouse
Parishes
West Feliciana
Parish
Holmes County

LA

46,441

29.4

10.7

0.267

LA

15,461

29.4

11.9

0.288

MS

18,958

33.5

11.5

0.256

Northampton
County

NC

21,352

31.4

11.5

0.268
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Figure 3.9. (a) Parallel coordinate plot and (b) map showing selected counties with low
prevalence of moderate obesity, relatively high prevalence of extreme obesity, and high
proportion of extreme obesity among those with obesity (hidden burden)
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Table 3.3. Counties identified with low prevalence of moderate obesity, relatively high
prevalence of extreme obesity, and high proportion of extreme obesity among those with obesity
(hidden burden)
County

State

Baldwin County
Saline County

AL
AR

Population* Moderate Extreme Ratio of
obesity
obesity extreme obese
among obese
190,843
17.9
7.8
0.304
111,769
20.9
8.8
0.296

Butte County
Leon County

CA
FL

221,451
280,756

19.0
15.4

8.8
5.2

0.317
0.252

Seminole County

FL

432,021

15.2

10.3

0.404

Sangamon County
Woodford County

IL
IL

198,714
38,981

19.2
20.3

6.4
10.1

0.250
0.332

Clay County
Athens County

MO
OH

227,628
64,697

19.8
17.9

7.2
6.4

0.267
0.263

Shelby County
Trumbull County

OH
OH

49,174
207,662

22.0
22.5

15.7
7.9

0.416
0.260

Greene County

TN

68,634

21.4

8.7

0.289

146,600
168,525

18.1
20.2

6.1
7.4

0.252
0.268

Alexandria City
VA
Winnebago County WI
*2012 population estimates
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Chapter 4: Association and Spatially Varying Relationship between Extreme Obesity and
Mortality Rates in the United States

Abstract
Background: Mortality rates in the United States have slowed or stopped their long-running
decline in recent years. One hypothesis addressing this change is that mortality trends are
displaying a delayed effect of the obesity epidemic. This study utilizes a spatial approach to
measure the county-level association of extreme obesity and mortality rates. Additionally, the
presence of spatial heterogeneity in the association between extreme obesity and mortality across
the United States is assessed.
Methods: County-level prevalence estimates of extreme and moderate obesity created from the
2012 Behavioral Risk Factor Surveillance System and the Census Bureau were used for this
analysis. All-cause age-adjusted county-level mortality rates (per 100,000) were obtained from
the 2010-2014 National Vital Statistics System. Covariate data on health care access and quality,
health behavior, economics, and the physical environment were obtained from 2015 County
Health Rankings National Data. Using a spatial error model, the association between countylevel prevalence of extreme obesity and mortality was assessed while controlling for spatial
autocorrelation. Geographically weighted regression was used to explore whether the association
varied spatially by area of residence. The association between moderate obesity and mortality
was examined for comparison.
Results: Both extreme and moderate obesity were associated with mortality rates after
controlling for covariates and the association was stronger for extreme obesity. One unit rise in
prevalence of extreme obesity was associated with increased 8.4 mortality rate (SE=1.07,
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p<.0001) while one unit rise in moderate obesity was associated with an increase of 6.1
(SE=0.45, p<.0001). There was significant spatial heterogeneity in the association between
extreme obesity and mortality (IQR 1.60-14.35, p for spatial non-stationarity <.001).
Conclusion: Extreme obesity was more strongly associated with mortality than was moderate
obesity and the association displayed significant spatial heterogeneity. Additional research to
identify the cultural, policy, or other contextual factors is warranted.

4.1 Introduction
Age-adjusted mortality rates in the United States declined over four decades1 until 2010, when
there was attenuation in the declining rates, particularly among conditions such as heart disease,
stroke and diabetes. The Centers for Disease Control and Prevention (CDC) reported that in 2015
the country’s overall mortality rate significantly increased for the first time since before 2000,
corresponding to a decrease in life expectancy at birth.1,2 While the overall age-adjusted death
rate then decreased from 2015 to 2016, this decrease was driven by lower rates among the
elderly while most other age groups again experienced significant increases in rates.3 Thus, we
appear to be in a new era where we may expect to see either a continued leveling or increase in
mortality, and where exploration is needed to understand the different elements leading to these
changes.

One hypothesis addressing these changes in mortality posits that mortality trends are displaying
(and will continue to display) a delayed effect of the obesity epidemic.4 Studies have set out to
quantify the impact of obesity on mortality rates, as well as compare differences among rate of
decline by cause-specific mortality, finding high BMI to slow the rate of overall mortality
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decline and identifying decelerated decline in recent trends of cardiovascular-related mortality
not seen in other types of mortality.5,6 Obesity’s effect on mortality rates arrives after and
threatens to undo a string of public health successes and progress of health care.7 In addition to
studying the effect on mortality of a population with increasing prevalence of obesity, the effect
from higher levels of BMI (extreme obesity) is important since the proportion of the population
with very high BMI has also increased.

Extreme obesity is generally understood to be associated with an increased burden of morbidity
and mortality. Specific increases in morbidity from extreme obesity relative to normal weight has
been demonstrated with asthma, type 2 diabetes, high blood pressure, high blood cholesterol,
coronary heart disease, gallbladder disease, and risk of stillbirth among pregnant women.8–10
Hospital patients with extreme obesity were found to remain in intensive care units significantly
longer than normal weight patients.11 There is also evidence of an association between extreme
obesity and mental health problems, though findings are not consistent.12,13 In a meta-analysis
examining findings from over twenty studies, extreme obesity conferred a hazard ratio for risk of
death that was 2.6 relative to normal weight, and excess years of life lost ranged from 6.5 to 13.7
years.14 Extreme obesity has been demonstrated to specifically increase rates of cancer-related
mortality.15 This association becomes more pressing given recent findings indicating that
incidence rates of high BMI-related cancers have been increasing while rates to cancers not
related to BMI have decreased.16

Mortality is understood to vary by geography. Studies have indicated that county-level mortality
rates have substantial variability which is lost when presenting a national average.17
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Cardiovascular-related mortality rates vary substantially by counties in the United States,
particularly among ischemic heart disease and stroke.18 Studies have also identified substantial
differences in mortality rates among adjacent counties.19 However, the traditional approach to
assessing contextual effects is to use multilevel models to test individual-level differences while
accounting for within-region clustering.20 This method fails to account for the effect of nearby
regions on one another and assumes independence between regions. The assumption of spatial
stationarity – i.e., the relationship between variables is consistent across space – can be
misleading and studies not accounting for this dependence may be inaccurate by overestimating
the actual association. Since the geospatial patterns of both extreme obesity (chapter 3) and
mortality appear to coincide, it is natural to quantify this association through linear regression
methods. If, however, there are omitted spatially varying covariables associated with mortality,
yet independent of obesity, then regression models may yield positive residual spatial
autocorrelation. This is problematic because the error estimate will be biased downward, thus
inflating the statistical significance of an association between obesity and mortality.21

This study utilizes a spatial approach to measure the county-level association of extreme obesity
and mortality rates to account for the spatial autocorrelation evident in the prevalence rates of
extreme obesity (chapter 3) and mortality. Specifically, a spatial error model (SEM; also referred
to as a spatial autocorrelated model) is used to account for potential residual spatial dependence.
Additionally, geographically weighted regression is applied to test for a potentially spatially
heterogeneous relationship, by relaxing the assumption of a spatially stationary association
between extreme obesity and mortality across the country. For comparison throughout, the
association between moderate obesity and mortality is also explored.
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4.2 Methods
4.2.1 Data and Measures
Data sources
This ecological study focused on the adult population living in counties within the contiguous
United States. Data were obtained from several sources. Mortality rates for 2010-2014 were
obtained from the National Vital Statistics System (NVSS), which is publicly available online
through the CDC WONDER interface.22 County-level prevalence of extreme and moderate
obesity were estimated in Chapter 2 using 2012 Behavioral Risk Factor Surveillance System
(BRFSS) data in conjunction with data from the U.S. Census Bureau. Covariates for this study
were obtained from multiple sources including the 2010 Census and the 2012 American
Community Survey (ACS) 5-year roll-up. The ACS is a nationwide ongoing monthly survey
conducted by the U.S. Census Bureau to provide detailed information about social, demographic,
economic, and housing characteristics of the U.S. population. This study used ACS 2010-2014 5year estimates, which pool data across 60 months to describe average characteristics over a
period of time. Additional indicators were obtained from a compilation within the publicly
available 2015 County Health Rankings National Data, a collaboration by the Robert Wood
Johnson Foundation and the University of Wisconsin Population Health Institute
(www.countyhealthrankings.org).23

Outcome variable
Annual age-adjusted mortality rates were obtained for 2010 through 2014 by county from the
NVSS. All-cause mortality was used, and rates were age-adjusted to the 2000 standard U.S.
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population.24 Rates were reported as deaths per 100,000. Five years of data were used to increase
the stability of the data and an average was taken to obtain an annual rate.

Independent predictors
The independent predictor was county-specific prevalence estimates of extreme obesity from
2012. BMI was calculated from self-reported weight and height (kg/m2). Obesity, BMI ≥ 30
kg/m2, was divided into three classes of severity: class I for 30 ≤ BMI < 35; class II for 35 ≤ BMI
< 40; and class III for BMI ≥ 40.0 kg/m2. Extreme obesity (yes/no) was based on the class III
cutoff. A secondary predictor of moderate obesity was computed for purpose of comparison. For
this study, moderate obesity (yes/no) included classes I and II.

Covariates
Additional variables were included in the analysis to account for potential confounding. The
choice of risk factors was guided by a literature review and availability of robust rates at the
county-level from publicly available sources. Each factor, or the construct behind each factor,
was indicated by literature review to be associated with mortality and BMI. Factors were
classified in four broad categories (Table 4.1): (1) health care access and quality25–29; (2) health
behavior27; (3) economic30–33; and (4) physical environment.30,34–38

Health care access and quality variables included three measures: 1) the rate of primary care
physicians working in patient care per 100,000 population; 2) an indicator of individuals lacking
health insurance, defined as the percent of people under age 65 without insurance; and 3)
preventable hospital stays, a proxy of quality of care measured from the rate among Medicare
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enrollees with discharges for ambulatory care sensitive conditions among total Medicare
enrollees per 1,000. There was one measure of health behavior explored: percent of adults in the
county who are current smokers. Two economic measures were also assessed. The first was the
percentage of residents with income below 100% of the federal poverty level (FPL). The second
economic measure was the GINI index, a measure of economic inequality where 0 indicates
perfect equality and 1 is perfect inequality. Three indicators of the physical environment were
also examined for this study. The percentage of the population living in a rural setting was
obtained from the 2010 Census. Second, the percent of the population with limited access to
healthy foods. Finally, a measure of air pollution, representing the 2011 average daily amount of
fine particulate matter in micrograms per cubic meter. Because demographic variables including
sex, age, race/ethnicity, and a measure of education were used in the small area estimation
technique that created the extreme and moderate obesity estimates, none of the county-level rates
of these variables were included in this analysis.

4.2.2 Procedures and Statistical Analysis
The first step involved geographic aggregation to link mortality rates and covariates with
geographies of obesity prevalence. Prevalence rates of extreme and moderate obesity were
estimated in Chapter 2 for county or county-like areas due to the fact that not all counties were
represented in the underlying survey data used for calculation. As a result of this aggregation,
3,109 counties in the contiguous United States were collapsed to 2,215 county or county-like
areas. For the present analysis, county-level age-adjusted mortality rates and all covariates were
combined into county-like aggregations as necessary to conform to extreme and moderate
obesity geographical areas. Weighted averages for all variables were constructed accounting for
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county population size (a detailed description can be found in Appendix III). For ease, these
county and county-like areas will be referred to as counties henceforth.

Descriptive statistics including mean, standard deviation, minimum and maximum were
calculated for all variables used in the study. The bivariate association between obesity and other
covariates with mortality rates was evaluated by examining scatterplots and Pearson correlation
coefficients.

The Moran’s I statistic was used to test the assumption of global spatial dependence of mortality
rates and a pseudo p-value was calculated by running 999 permutations to create a null
distribution around the original index value. This analysis specified a first-order queen contiguity
weights matrix, allowing all areas contiguous to the observed location to be incorporated into the
weighting scheme. A sensitivity analysis conducted in Chapter 3 confirmed the robustness of
first-order queen contiguity weights. Mortality rates among all counties in the contiguous United
States were geo-visualized through choropleth mapping.

Ordinary least squares regression (OLS)
Two sets of models were constructed to assess the association between mortality rates and both
(a) extreme obesity and (b) moderate obesity. Bivariate models were first constructed by
regressing mortality rates on each obesity group. Next, a multivariate model was fit to account
for covariates. In the first step of the multivariate approach, all covariates were included in the
model and the presence of multicollinearity was assessed by calculating and examining the
variance inflation factor (VIF).39 Each variable with a VIF exceeding 10.0, a commonly used
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heuristic, would be individually removed from the model and the remaining coefficients and fit
statistics between models would be compared. Collinearity was assessed to prevent unstable
coefficients resulting from high correlation between predictor variables.39 In practice, none of the
covariates included in either model had a VIF high enough to warrant further investigation.
Following these diagnostics, a model with the obesity predictor variable and all remaining
covariates was assessed using stepwise backward-selection, retaining covariates if their
estimated linear coefficients were significantly different from zero based on p < 0.10. At each
step, the model was iteratively re-fit to only include significant covariates. The R-squared
statistic, which measures the proportion of variation in the dependent variable explained by the
independent variables, was also compared among competing models. These steps were repeated
for each of the two obesity groups.

Spatial error model
It was predicted that assessment of autocorrelation would indicate clustering, leading to a
violation of the assumption that residuals are independently distributed and with constant error
variance that is required for traditional global models.40 When the assumption of residual
heteroscedasticity associated with geography is present but not accounted for in the model,
results include a biased estimates of variance, leading to underestimated standard errors and
potential for type II error (false significance).40 Thus, a SEM was used that incorporated spatial
effects through an error term adjustment that controlled for the spatial lag of average residuals
for each area, as specified by a weight matrix.41 The SEM was chosen among other spatial
regression models because of the study’s hypothesis that the relatedness of observations was due
to unmeasured factors that were spatially correlated.42 In doing so, this model attempted to
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control for these factors to obtain a more accurate measure of association. Given a linear
regression model:
𝑦 = 𝑋𝛽 + 𝜀
In the SEM, the error term is written as:
𝜀 = 𝜆𝑊𝜀 + 𝜉
such that 𝜀 is a vector, describing weight 𝑊, 𝜆 is the spatial autoregression coefficient, and 𝜉
represents the vector of uncorrelated, homoscedastic errors.43
The updated regression model, given county 𝑖, is as follows:
𝑦𝑖 = 𝑥𝑖 𝛽 + 𝜆𝑤𝑖 𝜀𝑖 + 𝜉𝑖
In the absence of spatial correlation, the spatial error parameter is 0 and the model would be
reduced back to a standard linear regression model.42 Lagrange Multiplier tests for error and
robust error were used as further diagnostics for spatial dependence to strengthen the support for
use of the SEM.44

After fitting univariate models, models were constructed to include covariates selected in fitting
OLS models. Results from OLS and SEM models were compared. Model fit was compared using
R-squared and the Akaike Information Criterion (AIC). The AIC is a goodness of fit term that
includes a penalized-likelihood test to control for overfitting, thus providing a standardized
means of balancing sensitivity and specificity.45
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An ad-hoc decision was made to perform an equality test comparing the coefficients from the
association between mortality and extreme obesity and moderate obesity. Since these values are
from different models, a Z test was used, calculating the difference of coefficients divided by the
square root of each’s squared standard error.46 A value of Z falling outside of -1.96 to 1.96
indicates statistical significance.
𝑍=

𝛽1 −𝛽2
√(𝑆𝐸𝛽1 )2 +(𝑆𝐸𝛽2 )2

Geographically weighted regression
Geographically weighted regression (GWR) was then used with the goal of exploring whether
the association between obesity (in either class) and mortality varied spatially by area of
residence. GWR identifies spatial influence and patterning in the association between the
prevalence of each obesity group and mortality. It is an extension of a weighted OLS regression
where parameters are location-based and given weights that are a function of the distance from
location to observation.47 The model accounts for spatial structure and estimates separate models
and local parameter estimates for each geographic location48 and, as a technique, has been
demonstrated to be useful in public health research exploring various correlates of morbidity and
mortality, including obesity.49–54

A GWR model assumes that data near an observation at location i have a greater influence than
data further away. Observations are thus weighted relative to proximity to point i and vary
accordingly.55 A GWR model takes the following form:
𝑦𝑖 = 𝑎0 (𝑢𝑖 , 𝑣𝑖 ) + ∑𝑘 𝑎𝑘 (𝑢𝑖 , 𝑣𝑖 )𝑥𝑖𝑘 + 𝜀𝑖
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Such that 𝑦𝑖 is the dependent variable at location i, 𝑥𝑖𝑘 is the kth independent variable at location
i, 𝜀𝑖 is the error at location i, (𝑢𝑖 , 𝑣𝑖 ) is the x-y coordinate of the ith location, and coefficients
𝑎(𝑢𝑖 , 𝑣𝑖 ) are varying conditions at location i.56

A key decision in GWR is selection of weighting function to use that prescribes the spatial
influence of the data. Bandwidth selection, also referred to as kernel selection, refers to the
degree of weighting by bandwidth; with a small bandwidth, most of the weight will be given to
near observations, and with a large bandwidth, more weight is in far observations as well.57
Bandwidth selection is a tradeoff between bias and variance. If it is too small, there will be large
variance in the local estimates; if it is too large, there will be large bias in the local estimates.58
Additionally, kernels may be fixed or adaptive. An adaptive kernel allows the size to vary based
on the spatial distribution of observations, while a fixed kernel preserves the area within the
kernel, regardless of number of observations.58 An adaptive kernel is advantageous for this
analysis because of the range of county size and allows the number of observations in each
kernel to be the same. For this analysis, a spatially adaptive Gaussian weighting scheme was
used, though additional schemes were assessed for comparison and are shown in the appendix.
Bandwidth (ideal kernel size) was calibrated by corrected AIC minimization.58
The R software was used for running GWR, using the ‘spgwr’ package (version 0.6-32) which
was designed for computing GWR based on work by statisticians who originally proposed the
technique, including Stewart Fotheringham.59 Multivariate models for each obesity group were
constructed including covariates selected in fitting OLS models. Model summary statistics
including distribution of parameter estimates obtained and the adjusted R-square and the AIC
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values are shown. There were two approaches to determine significance of non-stationarity of the
coefficients. First, an overall test of non-stationarity for each indicator in the model was
conducted using a Monte Carlo approach. This test assesses whether the summary statistics of
the GWR model are significantly different to that found by chance. This is done by successively
randomizing the data and running the GWR model on each randomization.60 For this analysis,
999 simulations were run. The ‘GWmodel’ package (version 2.0-6) in R was used for Monte
Carlo testing.61 Next, the significance of local coefficient estimates was approximated using local
t values, which were obtained by dividing local regression coefficients by local standard error.60
Statistically significant coefficients for each obesity group (local t values greater than the
absolute value of 1.96) were mapped across the United States for mortality rates. Finally,
Moran’s I tests were conducted on the residuals from all adjusted OLS, SEM and GWR models
to determine the extent to which SEM and GWR models were able to remove residual spatial
autocorrelation.62

In addition to R, data were prepared and descriptive analyses were conducted using SAS version
9.4 (SAS Institute, Cary, NC) and GeoDa 1.8.16.4, and maps were created using QGIS version
2.18.

4.3 Results
Table 4.2 shows the descriptive statistics of the outcome variable, predictors, and all covariates
assessed in this study. The average county-level rate of age-adjusted mortality per 100,000
population was 819.8 with a standard deviation (SD) of 130.4 and a range from 307.9 to 1,361.8.
The county-level average of extreme obesity was 4.8% with SD of 1.6% and a range from 1.3%
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to 15.7%; average moderate obesity was 26.0% with SD of 4.0% and a range from 13.3% to
41.3%.

The average county-level rate of primary care physicians per 100,000 population was 57.4
(SD=30.8). Uninsured adults per county ranged from 2.9% to 38.5% (SD=5.0). The average rate
of preventable hospitalizations per 10,000 population was 68.3 (SD=25.4). The county-level
average of current smokers was 21.2% (SD=5.7); the average of residents living in poverty was
16.3% (SD=5.9). The average GINI index was 0.44 (SD=.03). Counties were on average 50.2%
rural (SD=27.8). Those with limited access to healthy foods were 6.6% on average (SD=4.5).
The county-level average of air pollution was 11.8 µg/m3 (SD=1.5).

Correlation coefficients between age-adjusted mortality rate and the predictors and covariates are
shown in Table 4.3. The correlation of mortality with extreme and moderate obesity was 0.492
(p<.0001) and 0.575 (p<.0001), respectively. All covariates were found to be significantly
correlated with mortality (p<.0001), with a strength of correlation ranging from 0.113 (limited
access to healthy food) to 0.655 (rate of preventable hospitalizations).

4.3.1 Mortality Rates ESDA
Figure 4.1 shows the geographical distribution of age-adjusted rates of mortality. There was
substantial geographic variation in mortality rates across the United States and, as hypothesized,
autocorrelation appears to be present. Specifically, the visualization indicates clustering of high
rates across much of the Southeastern quadrant of the country. Significant spatial clustering of
mortality rates was indicated by global spatial autocorrelation statistics: the Moran’s I was 0.660
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(pseudo p-value < 0.001), indicating that across the contiguous United States, the distribution of
mortality was substantially spatially autocorrelated. The Moran’s scatterplot (Figure 4.2) shows
that counties with high or low mortality rates were generally surrounded by counties with similar
rates.

4.3.2 OLS Regression and the Spatial Error Model
Results from univariate models indicated a significant positive association between extreme
obesity and mortality (Table 4.4a). In the OLS model, the coefficient for extreme obesity was
40.8 (p<.0001), indicating for every percent increase in prevalence of extreme obesity at the
county level, the age-adjusted mortality rate increased by 40.8 (per 100,000). The Lagrange
Multiplier tests indicated significant error (p<.0001) and robust error (p=0.009) terms,
strengthening the decision to use a spatial error model (Table 4.4b). Extreme obesity remained
significant in the SEM, though the coefficient decreased to 16.9 (p<.0001) once the spatial error
was accounted for in the model. The spatial error parameter ( coefficient) was 0.786 and
significant (p<.0001). Model fit statistics indicated that the SEM provided a better fit than OLS,
with a lower AIC and a higher R-squared (Table 4.4a).

Univariate results from the model for moderate obesity and mortality followed a similar pattern
(Table 4.5a and b). Moderate obesity was significantly associated with mortality, with an effect
estimate of 18.6 (p<.0001) in the OLS model that decreased to 9.8 (p<.0001) in the spatial
model. Lagrange Multiplier tests indicated significant error and robust error and the spatial error
parameter was 0.775 (all p<.0001).
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Multivariate models found significant positive association between extreme obesity and
mortality after adjusting for covariates (Table 4.6a and b). The coefficient for extreme obesity
was 13.0 (p<.0001) in the OLS model, indicating for every percent increase in prevalence of
extreme obesity at the county level, the age-adjusted mortality rate increased by 13.0 (per
100,000). The Lagrange Multiplier tests indicated significant error (p<.0001) and robust error
(p<.0001) terms. Extreme obesity was significant in the SEM, though the coefficient decreased
to 8.4 (p<.0001) once the spatial error was accounted for in the model. The spatial error
parameter in the SEM was 0.626 and significant (p<.0001). The coefficients for the covariates
also changed in the SEM. The coefficient decreased but remained significant for preventable
hospitalizations, smoking, and poverty, increased for pollution, and was no longer significant for
uninsured. R-squared increased from 0.662 to 0.754 in the SEM, indicating that the multivariate
spatial model was able to account for 75% of the variance of mortality. The AIC also favored the
spatial model over OLS.

In the multivariate OLS model between moderate obesity and mortality (Table 4.7a and b) the
coefficient for moderate obesity was 7.3 (p<.0001), indicating for every percent increase in
prevalence of moderate obesity at the county level, the age-adjusted mortality rate increased by
7.3 (per 100,000). The Lagrange Multiplier tests indicated significant error (p<.0001) and robust
error (p<.0001) terms. Moderate obesity was significant in the SEM, though the coefficient
decreased to 6.1 (p<.0001) once the spatial error was accounted for in the model. The spatial
error parameter in the SEM was 0.630 and significant (p<.0001). The coefficients for the
covariates also changed in the SEM; the coefficient decreased but remained significant for
preventable hospitalizations, smoking, and poverty (very slight decrease), increased slightly for
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pollution, and was no longer significant for uninsured. Primary care provider was marginally
significant in the OLS model and the p-value was closer to significant in the SEM, further
strengthening the hypothesis that this covariate was associated with mortality (p-value, 0.095 vs.
0.062). R-squared increased from 0.677 to 0.768 in the SEM and the AIC also favored the spatial
model over OLS.

The Z-statistic comparing the coefficient for extreme obesity with the coefficient for moderate
obesity in the univariate SEMs was 5.38, indicating significant non-equality of measures.
Similarly, the Z-statistic from comparison of multivariate SEMs was 2.00, indicating significant
non-equality of measures and implying that there was a difference in the effect of extreme
obesity on mortality compared to the effect of moderate obesity on mortality, and that extreme
obesity had a stronger effect.

4.3.3 Geographically Weighted Regression
The GWR parameter summary results and Monte Carlo significance test for spatial variability of
the extreme obesity multivariate model are found in Table 4.8. Summary statistics showed that
extreme obesity and each of the covariates – uninsured, preventable hospitalizations, smoking,
poverty, and pollution – had a relationship with mortality that ranged from negative to positively
associated. The coefficients for extreme obesity ranged from -11.2 to 38.3, indicating that the
local increase of extreme obesity prevalence by one percent ranged from decreasing the ageadjusted mortality rate by 11.2 (per 100,000) to increasing it by 38.3 (per 100,000). Results from
the Monte Carlo tests indicated that the association between extreme obesity and mortality
exhibited non-stationarity across space; each covariate was also found to exhibit non-stationarity.
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The adjusted R-square was 0.832, higher than in both the OLS and SEM models. Additionally,
the AIC was lower, suggesting that statistically GWR provided the best model fit.

Summary results and Monte Carlo significance testing for the moderate obesity multivariate
model are found in Table 4.9. The Monte Carlo test indicated that the association between
moderate obesity and mortality was stationary across space; this finding suggests that GWR is
not the appropriate model for assessing this relationship. Primary care provider was also found to
be stationary while uninsured, preventable hospitalizations, smoking, poverty, and pollution were
found to exhibit non-stationarity. The adjusted R-square (0.827) and the AIC, which was lower
than in the OLS and SEM models, suggest that even though moderate obesity was not found to
vary significantly across space, overall GWR provided the best model fit. Thus, although the
GWR model was not found to be appropriate for assessing the relationship between moderate
obesity and mortality, given Monte Carlo results for several of the other covariates and improved
fit indices of the overall model, GWR is indicated to be appropriate for assessing the
relationships between mortality and uninsured, preventable hospitalizations, smoking, poverty,
and pollution.

There were several areas where extreme obesity was found to have a greater effect on mortality
rates (Figure 4.4) than in the remaining areas. Areas included a large swath in the western half of
the United States, comprising counties primarily in Washington, Montana, Idaho, Wyoming,
Utah, Colorado, Arizona, and New Mexico. There were also smaller areas in northeast Texas,
Michigan, and part of Appalachia including counties in Georgia, South and North Carolina,
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Virginia, West Virginia, Georgia, and Florida. There were no areas where extreme obesity was
found to have a significantly lesser effect on mortality.

The effect of moderate obesity on mortality was found to vary spatially across much of the
United States (Figure 4.5). Two notable areas with lesser associations include counties in
Nevada, Oregon, Idaho, Montana, North and South Dakota, and Nebraska, and parts of the south
including counties in Arkansas, Louisiana, Mississippi, Alabama, and Georgia. Notable areas
with a greater association include counties in Utah, Colorado, Arizona, New Mexico, and Texas,
as well as South and North Carolina, Virginia, Illinois, and Indiana, and parts of northern New
York, Vermont, New Hampshire, and Maine.

The OLS residuals were moderately spatially autocorrelated in the adjusted models for both
extreme obesity (Moran’s I = 0.315, pseudo p-value < 0.001) and moderate obesity (Moran’s I =
0.323, pseudo p-value < 0.001). In the SEMs, the Moran’s I decreased to -0.040 (pseudo p-value
< 0.001) for extreme obesity and -0.043 (pseudo p-value < 0.001) for moderate obesity. In the
GWRs, the Moran’s I values were 0.040 (pseudo p-value < 0.001) for extreme obesity and 0.061
(pseudo p-value < 0.001) for moderate obesity.

4.4 Discussion
County-level rate of mortality was found to be significantly associated with extreme obesity in
the contiguous United States. This association remained true when using a spatial regression
model that accounted for spatial dependence, though the strength of the association decreased
relative to results from the non-spatial model. Model diagnostics indicated that the spatial error
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model provided a better fit for the data than an OLS model. Moderate obesity was similarly
found to be associated with mortality, but with a weaker effect estimate. Importantly, this
analysis also found significant geographic variation in the association between extreme obesity
and mortality.

Adjusted spatial error models showed that for each percentage point increase in the prevalence of
extreme obesity, age-adjusted mortality increased by 8.4 per 100,000. The association between
moderate obesity and mortality was lower, at 6.1, and further testing indicated that this
difference was significant. This finding of the differential association between obesity groups
and mortality was consistent with prior research showing increased risk of death at increasing
BMI group overall and by specific subgroups of the population.63,64 However, this is the first
study using spatial regression to explore extreme obesity and mortality.

For both extreme and moderate obesity, the SE models demonstrated a superior statistical fit
compared to the non-spatial OLS models. When the SEM was applied to the univariate effect of
extreme obesity on mortality, the R-squared value almost tripled from that from the OLS model
(0.646 vs. 0.242). Fit statistics from the multivariate model did not change as drastically, though
clearly indicated that the spatial error model was preferable, with covariates accounting for 75%
of model variance in the extreme obesity model and 77% in the moderate obesity model. Spatial
regression models applied to spatially dependent data reduce the correlation of error terms in
space by controlling the lag values of variables that are caused by unmeasured and unaccounted
for variables or by being in close proximity to other values of the dependent variable,42 which
was observed during the Moran’s I test of the residuals. This implies that accounting for
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geography accounted for some of the unmeasured confounding in the obesity-mortality
relationship, which is a strength of these models. Since it is not possible to measure, or even
define, all of the variables of interest, adjusting spatially fills in some of the gaps in knowledge.

There are several reasons why the association between extreme obesity and mortality could be
hypothesized to demonstrate spatial variation. The GWR model indicated that a high association
of extreme obesity and mortality was most pronounced in the western half of the United States,
particularly the Mountain region and excluding California. This region contains areas with lower
prevalence of extreme obesity (see Chapters 2 and 3). One theory driving this finding is that in
areas where high BMI is less of the norm, those who have extreme obesity may be more likely to
have health problems and related risk factors for mortality than those in areas where high BMI is
more common. One mechanism supportive of this theory is the practice of healthcare avoidance
by those with obesity, possibly due to experiences of bias.65 The experience of bias may be
greater in areas with less prevalence of extreme obesity and this could lead to greater healthcare
avoidance among those with very high BMI. Delays or avoidance in use of preventive services
could lead to or exacerbate other chronic conditions, thus placing the individual at further risk of
mortality. Research is needed to disaggregate the likelihood of healthcare avoidance by
geographic area as this could help shed light on whether living in areas with high or low overall
prevalence of extreme obesity have a differential effect on preventive healthcare usage.

Bariatric surgery is understood to be among the most successful treatments for individuals with
very high BMI.66 Among adults, bariatric surgery can be indicated for individuals with extreme
obesity or with BMI 35 in conjunction with a weight-related health condition.67 However, it is
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estimated that in 2017 only one percent of the eligible population in the United States had a
bariatric procedure performed.68 Further, economic status and insurance coverage have been
found to play a greater role in state variation of use of bariatric surgery than has prevalence of
obesity.68 An implication of this is that the increased association between extreme obesity and
mortality (in the Western United States and parts of Appalachia) identified in the GWR results
may be related to more limited insurance coverage and promotion of bariatric procedures in these
areas. Further analysis should explore the state- and region-specific proportion of eligible adults
with bariatric procedures covered by commercial or government health insurance to identify how
this mediates the association between extreme obesity and mortality.

There were no areas where lower correlation coefficients of the effect of extreme obesity on
mortality were found to be significant. That is, all significant spatial variation in the relationship
between extreme obesity and mortality occurred in areas where the effect of extreme obesity had
a larger effect on mortality rates. This was different than findings from the GWR model for
moderate obesity, which indicated significant spatial variation of both lower and higher
correlation coefficients. However, an important caveat is that Monte Carlo testing indicated that
moderate obesity did not warrant a GWR model assessing local associations. While the
summation of fit statistics across OLS, SEM, and GWR model indicated that GWR was the
preferred technique to model the relationship between extreme obesity and mortality, SEM was
found to be the preferred technique for moderate obesity.

An interesting finding was the lack of association between rurality and mortality in the adjusted
models for both extreme and moderate obesity; rurality has been demonstrated to be associated
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with obesity and mortality.34,35 One potential reason that no effect was found could be that part
of the effect seen by rurality is actually the effect of the demographic compositional differences
in age and race/ethnicity by urban-rural status. However, rurality was significantly associated
with mortality in univariate analysis, and so the lack of effect found in multivariate models could
be that other sociodemographic indicators such as rate of uninsured, preventable hospitalizations,
or poverty were correlated with rurality and displayed a more dominant effect on mortality.
Another possible reason that rurality was not significant could be due to the use of county as the
area – it is possibly too big and heterogeneous in some key places. Thus, the rural indicator used
may not have been the most appropriate because counties were not the ideal area aggregation.

Based on these results, different policy recommendations arise from findings from each
approach. First, areas with higher prevalence of extreme obesity should be targeted for policies
to affect mortality rates. Second, localized policies geared towards individuals with extreme
obesity in areas with lower prevalence of extreme obesity would be important as well. This could
include targeted efforts to offer comprehensive health services to individuals with high BMI in
areas such as counties in Colorado, where prevalence of extreme obesity is very low but the
association between extreme obesity and mortality is among the highest.

There are several limitations to this study. First, the underlying data used to calculate the
prevalence of obesity classes was from the BRFSS, which relied on self-reported weight and
height to calculate BMI. Self-report has been demonstrated to underestimate BMI, with a greater
bias among those with obesity.69,70 Estimates are likely conservative with true rates of moderate
and extreme obesity actually higher.
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Second, the study is ecological in nature. Therefore, it is important to remember that conclusions
from this work must be limited to a population-level interpretation and relationships examined
cannot be used to make to individual-level inferences. However, there is a benefit to a contextual
analysis of the relationship between obesity and mortality. The individual-level association
between obesity and mortality has been demonstrated to suffer from confounding attributed to
illness, such that an illness is both associated with weight loss and mortality, leading to a
potential underestimation of the risk of mortality from obesity.71 As long as age, which is highly
correlated with obesity, illness, and mortality, is accounted for in the analysis, a contextual
model using a population-representative sample is likely to bypass this potential bias, as is the
case with the present analysis.

Third, there are several issues to be considered before constructing a spatial analysis using
aggregated data. As with non-spatial analyses, choice of measures and methods are crucial and,
when poorly made, will result in invalid or imprecise findings. Structurally, there is a need to
balance the issue of small numbers of cases when the study area is subdivided into very small
regions verses the desire for smaller regions to provide more localized information. Numbers that
are too small will affect the statistical stability of estimates, but regions that are too large may
contain too much heterogeneity to allow for a useful interpretation of results.72 Methodologists
have expanded on the latter with the concept of the modifiable areal unit problem, describing the
variability in both cluster detection and the association found between a predictor and outcome
given a different types of aggregation (e.g., census tracts vs. zip codes), and highlighting the
somewhat arbitrary shapes and delineations of regions used in many analyses.72 While analysis
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of extreme obesity and mortality at geographical areas smaller than counties may be of interest,
there are no national data available at smaller geographical areas for this analysis.

Despite these challenges, incorporation of a spatial approach into traditional epidemiological
studies is a useful endeavor and is increasingly being found in epidemiologic research.73 Spatial
analysis speaks to the spatial heterogeneity of many public health concerns. This study
contributes to the field of obesity research in several important ways. It is the first study to use a
spatial error model to examine the association between extreme obesity and mortality. It is also
the first study to use geographically weighted regression to further identify local variation in the
association between extreme obesity and mortality. In one sense, this study is an examination of
the spatial effect of unmeasured explanatory variables in the association extreme obesity and
mortality by accounting for spatial dependence. First, this examination occurs by calculating a
global model that acknowledges that despite adjustment by chosen covariates, there remains
unmeasured explanatory variables related to mortality that may not be distributed uniformly
spatial, and thus accounting for their error. Second, by exploring if regional differences are found
between the association between extreme obesity and mortality even after adjusting for a number
of covariates, this study attempts to determine if there is an important spatial effect from
unmeasured explanatory variables.
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Table 4.1. List of independent variables

Health care access and quality
Number of primary care physicians per 100,000 population
Percent of people under age 65 without insurance
Number of preventable hospital stays among Medicare enrollees per 1,000
Health behavior
Percent of adults who are current smokers
Economic
Percentage of population living in poverty
GINI index of inequality (equal 0 to unequal 1)
Physical environment
Percentage of the population living in a rural setting
Percent of population with limited access to healthy foods
Average daily amount of fine particulate matter (micrograms/cubic meter)
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Table 4.2. Descriptive statistics of age-adjusted mortality rate, extreme and moderate obesity,
and all covariates
Variable

Mean

Std Minimum Maximum
Deviation

Age-adjusted mortality rate (per 100,000)

819.8

130.4

307.9

1361.8

Extreme obesity (%)

4.8

1.6

1.3

15.7

Moderate obesity (%)

26.0

4.0

13.3

41.3

Rate of primary care physicians (per
100,000)

57.4

30.8

4.8

446.7

Uninsured (%)

16.9

5.0

2.9

38.5

Rate of preventable hospitalizations (per
1,000)

68.3

25.4

15.4

267.8

Current smokers (%)

21.2

5.7

4.6

51.1

Poverty (%)

16.3

5.9

3.5

42.6

GINI index (0 to 1)

0.44

0.03

0.34

0.60

Rural (%)

50.2

27.8

0

100.0

6.6

4.5

0

43.8

11.8

1.5

7.2

14.9

140,730

372,673

11,923

9,948,537

Predictors

Covariates

Limited access to healthy foods (%)
Air pollution (µg/m3)
Population N*
*2012 population estimates
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Table 4.3. Correlation coefficients between age-adjusted mortality rate and extreme obesity,
moderate obesity, and covariates
Variable

Pearson corr
coef

p-value

Extreme obesity

0.492

<.0001

Moderate obesity

0.575

<.0001

Rate of primary care physicians

0.334

<.0001

Uninsured

0.344

<.0001

Rate of preventable hospitalizations

0.655

<.0001

Current smokers

0.607

<.0001

Poverty

0.607

<.0001

GINI index

0.241

<.0001

Rural

0.356

<.0001

Limited access to healthy foods

0.113

<.0001

Air pollution

0.253

<.0001

Predictors

Covariates

Pearson Correlation Coefficients
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Figure 4.1. Spatial distribution of age-adjusted rates of mortality in the United States, 2010-2014
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Figure 4.2. Moran’s scatterplot showing rate by spatially lagged rate for age-adjusted mortality
in counties in the contiguous United States, 2010-2014
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Figure 4.3. Spatial clusters of age-adjusted rates of mortality in the United States, 2010-2014
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Table 4.4a. Output from univariate regression modeling extreme obesity on mortality
OLS
Std.
pt-stat
Error
value
625.377 7.698 81.241 <.0001

740.879

40.756 1.532 26.602 <.0001

16.856

1.232

13.680

<.0001

 Coef
0.786

0.016

49.256

<.0001

Coef

Intercept
Extreme
obesity

R-squared

SEM
Coef

0.242

0.646

-13623.1

-12948.3

AIC
27250.1
Schwarz
27261.5
criterion
Akaike info criterion

25900.5

Log likelihood

Std.
z-value
Error
9.692 76.440

p-value
<.0001

25911.9

Table 4.4b. Diagnostics for spatial dependence using Lagrange Multiplier tests
Test
Value
p-value
Error
1609.934
<.0001
Robust error
6.847
0.009
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Table 4.5a. Output from univariate regression modeling moderate obesity on mortality
OLS

SEM

Std.
pt-stat
Error
value
335.243 14.848 22.579 <.0001
Coef

Intercept
Moderate
obesity

18.605

R-squared
Log
likelihood
AIC
Schwarz
criterion

0.563 33.026 <.0001

Std.
Error
567.198 14.155
Coef

zvalue
40.070

p-value
<.0001

9.753

0.473

20.640

<.0001

 Coef
0.775

0.016

47.014

<.0001

0.330

0.676

-13486.6

-12845.1

26977.1

25694.1

26988.5

25705.5

Akaike info criterion

Table 4.5b. Diagnostics for spatial dependence using Lagrange Multiplier tests
Test
Value
p-value
Error
1579.021
<.0001
Robust error
49.429
<.0001
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Table 4.6a. Output from multivariate regression modeling extreme obesity on mortality
OLS

Intercept
Extreme
obesity
Uninsured
Preventable
hospitalizatio
ns
Smoking
Poverty
Pollution

R-squared
Log
likelihood
AIC
Schwarz
criterion
Moran’s I of
residuals

SEM

Coef

Std.
Error

t-stat

pvalue

Coef

Std.
Error

zvalue

pvalue

302.716

15.526

19.50

<.0001

381.677

29.705

12.849

<.0001

13.015

1.161

11.21

<.0001

8.429

1.069

7.883

<.0001

1.180

0.414

2.85

0.004

-0.080

0.571

-0.140

0.888

1.579

0.079

20.00

<.0001

1.295

0.084

15.470

<.0001

6.323
6.448
7.471

0.336
0.377
1.180

18.83
17.08
6.33

<.0001
<.0001
<.0001

5.105
6.176
8.689

0.304
0.378
2.363

16.814
16.335
3.677

<.0001
<.0001
<.0001

 Coef
0.626

0.022

28.171

<.0001

0.662

0.754

-12730

-12469.3

25474.1

24952.5

25514

24992.4

0.315

<.001

-0.040

<.001

Akaike info criterion

Table 4.6b. Diagnostics for spatial dependence using Lagrange Multiplier tests
Test
Value
p-value
Error

623.9874

<.0001

Robust error

104.4258

<.0001
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Table 4.7a. Output from multivariate regression modeling moderate obesity on mortality
OLS

SEM

176.700

Std.
Error
19.881

7.311

0.482

15.16

<.0001

6.108

0.445

13.735

<.0001

0.100
1.060

0.060
0.413

1.67
2.57

0.095
0.010

0.094
-0.590

0.050
0.567

1.869
-1.042

0.062
0.298

1.449

0.079

18.37

<.0001

1.133

0.084

13.473

<.0001

5.900
6.360
8.614

0.335
0.367
1.150

17.58
17.32
7.49

<.0001
<.0001
<.0001

4.722
6.321
8.930

0.302
0.368
2.318

15.652
17.157
3.851

<.0001
<.0001
0.001

 Coef
0.630

0.022

28.572

<.0001

Coef

Intercept
Moderate
obesity
PCP
Uninsured
Preventable
hospitalizatio
ns
Smoking
Poverty
Pollution

R-squared
Log
likelihood
AIC
Schwarz
criterion
Moran’s I of
residuals

t-stat

p-value

Coef

8.89

<.0001

280.086

Std.
Error
31.180

0.677

0.768

-12677.3

-12407.7

25370.6

24831.5

25416.3

24877.1

0.323

<.001

-0.043

z-value

p-value

8.983

<.0001

<.001

Akaike info criterion

Table 4.7b. Diagnostics for spatial dependence using Lagrange Multiplier tests
Test
Value
p-value
Error

656.803

<.0001

Robust error

128.491

<.0001
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Table 4.8. Geographically weighted regression parameter summary results and Monte Carlo
significance test for spatial variability of parameters, extreme obesity model (N=2,215)
Minimum

First
Quartile

Median

Third
Quartile

Maximum

Intercept

-648.000

256.600

445.700

651.200

3829.000

Extreme
obesity

-11.170

1.603

7.622

14.350

38.250

Uninsured

-15.000

-4.078

-1.479

1.162

13.890

Preventable
hospitalization
s

-0.147

0.941

1.394

1.814

4.118

Smoking

-3.674

3.836

5.486

7.031

14.720

Poverty

-1.6670

3.785

5.882

8.014

14.370

Pollution

-257.500

-14.660

4.574

19.300

105.900

Adjusted Rsquare
AIC
(corrected)
Moran’s I of
residuals

Monte Carlo
Testing Status

Nonstationary***
Nonstationary***
Nonstationary***
Nonstationary***
Nonstationary*
Nonstationary*
Nonstationary***

0.832
24661.6
0.040***

Akaike info criterion
p-values: *p≤0.05; **p≤0.01; ***p≤0.001
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Table 4.9. Geographically weighted regression parameter summary results and Monte Carlo
significance test for spatial variability of parameters, moderate obesity model (N=2,215)
Minimum

First
Quartile

Median

Third
Quartile

Maximum

Monte Carlo
Testing Status

-383.700

160.400

351.300

521.600

2155.000

Nonstationary***

-0.08327

4.502

5.886

7.648

13.080

Stationary

-0.938

-0.146

0.060

0.254

1.132

Uninsured

-13.570

-3.909

-1.791

0.142

9.1300

Stationary
Nonstationary***

Preventable
hospitalization
s

-0.43480

0.849

1.204

1.576

3.355

Smoking

-2.64000

3.667

5.155

6.401

13.400

Poverty

0.107

4.555

6.015

7.627

12.510

Pollution

-127.300

-11.520

5.361

18.110

91.730

Intercept
Moderate
obesity
PCP

Adjusted Rsquare
AIC
(corrected)
Moran’s I of
residuals

Nonstationary***
Nonstationary***
Nonstationary*
Nonstationary***

0.827
24601.9
0.061***

Akaike info criterion
p-values: *p≤0.05; **p≤0.01; ***p≤0.001
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Figure 4.4. GWR correlation coefficients of effect of extreme obesity on age-adjusted mortality
rates
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Figure 4.5. GWR correlation coefficients of effect of moderate obesity on age-adjusted mortality
rates
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Chapter 5: Discussion
5.1 Overview of the Dissertation
The goal of this dissertation was to estimate county-level prevalence of extreme obesity in the
United States, describe its spatial distribution, and test the association and spatial variance with
mortality rates. The methods use in Chapter 2 created model-predicted prevalence estimates of
extreme and moderate obesity for counties within the contiguous United States. Chapter 3
assessed spatial dependence among county-level estimates of extreme obesity to identify hot
spots of higher than average prevalence, and cold spots of lower than average prevalence of
extreme obesity. The study in Chapter 4 utilized a spatial approach to measure the county-level
association of extreme obesity and county-level mortality rates. Chapter 4 also tested a potential
spatially heterogeneous relationship between extreme obesity and mortality. Throughout the
dissertation moderate obesity was examined for comparison.

5.2 Summary of the Findings
5.2.1 Chapter 2
The primary aim of Chapter 2 was to use multilevel regression and post-stratification (MRP) to
estimate prevalence of extreme obesity among adults in the United States. The MRP approach
created model-predicted county-level estimates of extreme and moderate obesity using
Behavioral Risk Factor Surveillance System data and Census population counts. These estimates
have not been publicly produced before and are useful both because they disaggregate extreme
obesity from obesity as a whole and disaggregate county prevalence rates from larger prevalence
among the states. This allows for an understanding of the prevalence and geographic distribution
of individuals with very high BMI.
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Findings from this study identified considerable variability in prevalence of extreme obesity
across the United States among states, but specifically among counties. While state estimates
ranged from 2.5% to 6.1%, counties showed much greater variability, ranging from 1.3% to
15.7%. The highest prevalence was found among counties in Ohio, Arkansas, Alabama,
Mississippi, South Carolina, Louisiana, North Carolina, and Kentucky. Counties with the lowest
prevalence of extreme obesity were found in Colorado, California, Massachusetts, Maryland, and
New Jersey. Findings also demonstrated substantial variation of county-level prevalence within
states, even in states consistently showing higher rates of obesity such as Oklahoma and
Kentucky, and those showing lower rates of obesity, such as California.1 States that showed the
greatest variability of county-level prevalence estimates of extreme obesity included Ohio, where
estimates ranged from 3.0% to 15.7% and where the county with the highest prevalence
nationally was located, followed by Arkansas, South Carolina and Alabama. These findings
emphasize the variability within states and why sub-state analysis is crucial for identifying
problem areas. For example, Florida showed substantial variability of prevalence of extreme
obesity, with much of the panhandle and central region showing higher rates, while the
remaining coastal areas showed lower rates.

These findings also offer an understanding of the relationship between prevalence of extreme
and moderate obesity. The model-predicted county-level prevalence of moderate obesity ranged
from 13.3% to 41.3%. At the high end of prevalence, there was no overlap of counties with the
top-ten highest rates of extreme obesity and those with the highest rates of moderate obesity, and
there was very little overlap among the ten lowest rates. While there was often overlap of general
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areas with low and high prevalence of both moderate and extreme obesity, there were some
notable differences. Highest prevalence of both moderate and extreme obesity appeared most
concentrated in counties within the southern states and the Midwest. Parts of Florida and Maine
indicated some of the highest prevalence rates of extreme but not moderate obesity. Texas and
Central California had counties with high prevalence of moderate but not extreme obesity. It was
also common that an individual county would have moderate and extreme obesity rates falling
into different quintiles, indicating an uneven distribution of obesity prevalence by group of
obesity. This demonstrates some of the information that is obscured when obesity is not
disaggregated as a measure.

Internal validation examining the degree to which known data estimates correlated with model
estimates found generally good reliability. When model-predicted estimates were compared with
direct estimates from county level-data among counties with 100 or more observations, the
Pearson correlation coefficient was 0.81 (p<.0001) for extreme obesity and 0.86 (p<.0001) for
moderate obesity. Comparison of county-level model-predicted estimates aggregated to states
with weighted direct state-level prevalence yielded Pearson correlation coefficients of 0.99
(p<.0001) for both extreme and moderate obesity.

5.2.2 Chapter 3
Chapter 3 sought to statistically assess spatial dependence in county-level estimates of extreme
obesity in the contiguous United States and to identify clusters of higher than average
prevalence, and clusters of lower than average prevalence; that is, hot spots and cold spots of
extreme obesity. Spatial dependence and clustering of moderate obesity was also assessed.
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Additionally, as a means of measuring additional burden, the ratio of prevalence of extreme
obesity to prevalence of obesity was examined. It was hypothesized that county prevalence of
extreme obesity would show spatial dependence and clustering, and that while substantial
proportions of areas with high and low prevalence would overlap with high and low prevalence
of moderate obesity, there would be some areas and clusters that show discordance of obesity
groups.

The presence of significant spatial clustering of extreme and moderate obesity was indicated by
the Moran’s I, which was 0.352 (pseudo p value 0.001) for extreme obesity and 0.376 (pseudo p
value 0.001) for moderate obesity. There were two main hot spot clusters identified for extreme
obesity and several smaller isolated clusters. The largest cluster was comprised of counties in the
southern states, including Arkansas, Louisiana, Mississippi, Alabama, Texas, and Georgia. The
second largest cluster was found predominantly in counties in the lower half of South Carolina
and reaching up to parts of central North Carolina and Virginia. A small hot spot cluster was also
found among counties in Ohio’s rural northwest region and there were several small hot spots
throughout Kentucky. A broad swath of the western United States and the Great Plains region
showed cold spots of lower prevalence of extreme obesity. The second predominant cold spot
was located among counties in New England.

One main hot spot cluster was identified for moderate obesity, along with a few smaller clusters.
Similar to extreme obesity, the predominant cluster was comprised of counties in the southern
states including Arkansas, Louisiana, Mississippi, Alabama, Texas and Georgia. Unlike with
extreme obesity, this cluster also included counties in the eastern part of Oklahoma. There were
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also two hot spot clusters in west and south Texas. Similar to extreme obesity there was a
noticeable, but smaller, cluster found in South Carolina and reaching up to parts of North
Carolina and Virginia. There was a smaller area of the country identified in cold spots for
moderate obesity relative to extreme obesity; notably, in the west and among counties in New
England.

The county ratio of extreme obese among those with obesity ranged from 0.06 to 0.42 – that is,
in some counties 6% of those with obesity had a BMI ≥ 40 while in other counties over 40% of
those with obesity had BMI ≥ 40. Counties with the highest quintile of the ratio were
predominantly in the Midwest and the Southeast, though high quintiles were also found along the
west coast, in Maine, and some of the mountain states, particularly Montana.

The Moran’s Index for the ratio of extreme obesity to obesity was 0.18 (pseudo p value 0.001),
indicating significant but relatively low global spatial autocorrelation. Relative to extreme and
moderate obesity, there was less area associated with clustering for the ratio indicator. There was
a hot spot cluster that ran through Arkansas, Mississippi, Louisiana, and Alabama. This cluster
overlaps with the extreme obesity cluster but does not encompass as many counties. This pattern
is similar for the cluster in South and North Carolina, extending slightly to Virginia – it overlaps
with the hot spot of extreme obesity but encompasses fewer overall counties. The third
substantial cluster was located in Ohio’s rural northwest, overlapping with the high rates of
extreme obesity found in this area. Clusters of lower than average ratios were found in the west,
and in the middle of the country including Minnesota and parts of North and South Dakota.
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In the parallel coordinate plot comparing moderate obesity, extreme obesity, and the ratio values,
two small groups of divergent patterns were noted. The “double burdened” counties had high
prevalence of moderate obesity, high prevalence of extreme obesity, and a high ratio of extreme
obesity among those with obesity. That is, not only did they show the highest prevalence of
moderate and extreme obesity (the first burden), but the ratio value indicates that they have a
much higher than average burden of extremely obese among those with obesity (the second
burden). All of these counties were within southern states including Louisiana, Arkansas,
Alabama, Mississippi, and North Carolina. Counties identified as having a “hidden burden” had
low prevalence of moderate obesity, high prevalence of extreme obesity, and a high ratio of
extreme obesity among those with obesity. Because of the overall lower prevalence of obesity in
these counties, these counties would not typically be identified as among the counties with the
greatest burden of obesity. While some of these counties were in southern states they also were
from states such as California, Illinois, Montana, Ohio, and Wisconsin. That is, states where
obesity rates are lower overall, and therefore not on policymakers’ radar.

5.2.3 Chapter 4
The intent of Chapter 4 was to measure the county-level association of extreme and moderate
obesity and mortality rates using a spatial approach to account for spatial dependence. It was
hypothesized that each obesity group would be positively associated mortality, and that the effect
of extreme obesity would be significantly greater than the effect of moderate obesity. It was also
hypothesized that the association between each obesity group and mortality would vary spatially
across the contiguous United States.
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Using a spatial error model, significant positive association was found between each obesity
group and mortality in the models, adjusting for indicators of area-level health care access, health
behavior, and economic and environmental factors. For every percent increase in prevalence of
extreme obesity at the county level, the age-adjusted mortality rate increased by 8.4 per 100,000.
For moderate obesity, the increase was found to be 6.1 per 100,000. Statistical comparison of the
coefficient for extreme obesity with the coefficient for moderate obesity indicated significant
non-equality of measures, implying that there was a difference in the effect of extreme obesity on
mortality compared to the effect of moderate obesity on mortality, such that extreme obesity had
a stronger effect.

While results from the geographically weighted regression (GWR) demonstrated how the effect
of both extreme and moderate obesity on mortality rates varied across space, Monte Carlo testing
indicated that only extreme obesity showed non-stationarity; the test indicated that the
association between moderate obesity and mortality was stationary across space and thus not
suited for GWR. The coefficients for extreme obesity ranged from -11.2 to 38.3. However, after
significance testing there were no areas where extreme obesity was found to have a significantly
lesser effect on mortality. There were several areas where extreme obesity was found to have a
greater effect on mortality rates, including a large swath in the western half of the United States,
particularly the Mountain region and excluding California.

5.2.4 Overall Findings
To summarize, small area estimation was useful to estimate county-level prevalence of extreme
obesity from national survey data. Prevalence of extreme obesity varied substantially across
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counties and displayed heterogeneity not visible in state-level prevalence. Extreme obesity
exhibited clustering, with hot spots of higher prevalence as well as cold spots of lower
prevalence, in different areas of the United States. Further, the association between extreme
obesity and mortality varied spatially, indicating that global models may inadequately describe
the relationship between extreme obesity and mortality. Collectively, these findings support the
need for disaggregation of obesity by both obesity class and geography in epidemiological and
other studies. Future work should incorporate disaggregated obesity and small geographical areas
when possible.

5.3 Limitations
There are several limitations of this dissertation. First, the Behavioral Risk Factor Surveillance
(BRFSS) was used in Chapter 2 to model prevalence estimates of extreme and moderate obesity
which were used in analyses in Chapters 3 and 4. The BRFSS relies on self-reported weight and
height to calculate BMI. Self-report has been demonstrated to underestimate BMI, with a greater
bias among those with obesity.2,3 More specifically, BMI based on self-reported values has been
found to be an average of 0.59 units lower than clinically-measured BMI in a nationally
representative survey of adults in the United States; actual variation has been shown to be
systematically different by not only weight and height, but also factors such as age, gender,
income, and marital status.4 Further, some subgroups underestimate BMI.4 The overall results is
that prevalence estimates generated are likely conservative, though there is likely differential
misclassification bias. However, the intent of this dissertation was to identify and examine the
geographic distribution of prevalence by comparing prevalence among counties and BRFSS data
are often used for geographical comparisons incorporating BMI. As the intent was primarily to
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compare prevalence and to compare association with mortality, the substantive comparison
findings should not be substantially biased. Second, prevalence of extreme and moderate obesity
used in this dissertation were model-derived based on the respondent’s age, sex, race/ethnicity,
county and state of residence, and area measure of education. While direct estimates would be
preferable, reliable estimates do not exist at the level of the county in this case. While it was not
possible to externally validate these findings, two analyses were conducted in Chapter 2 to assess
and confirm internal validity and results found estimates to be reasonable for use. Third, the
spatial unit of analysis was county, which is an administrative distinction that is somewhat
arbitrary and varies in size and population density. Some counties are more heterogenous than
others and greater heterogeneity deters from a useful interpretation of results.

5.4 Strengths and Public Health Significance
This dissertation was motivated by two beliefs related to the importance of current and future
trends in obesity research. First is the belief that it is important to disaggregate obesity by
severity in order to communicate that risk is not static across increasing values of BMI among
those with obesity. Research that incorporates a distinction of obesity by class has found higher
classes of obesity to be more strongly associated with negative health outcomes and mortality.5,6
This study supports this belief by making visible the scope of the issue of very high BMI.

The second motivating belief is that a spatial description of disease burden is an essential
component of understanding disease epidemiology. Prior estimates have only been national and,
unlike with obesity overall, extreme obesity has not been mapped. The state-level obesity maps
shared annually by the CDC have had the effect of demonstrating just how widespread obesity
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has become and how quickly the rates have been rising. In Chapter 2, findings indicated that the
county with the highest prevalence of extreme obesity was in Ohio, and Chapter 3 demonstrated
that several other counties in Ohio contained a “hidden burden” with low overall rates of obesity
but high prevalence of extreme obesity. The use of geographical disaggregation and mapping
identifies high risk areas that otherwise might be overlooked. Spatial analyses also speak to the
spatial heterogeneity of many public health concerns and provides findings that can unpack
“place” from other health determinants. Results from the GWR analysis in Chapter 4 indicate
that the association between extreme obesity and mortality is more pronounced in certain regions
of the country. Further research is needed to confirm and explain these differences, but the
hypothesis-generating ability of spatial analysis allows for insights that would otherwise go
unnoticed.

To the author’s knowledge, this is the first study to estimate county-level prevalence of extreme
obesity in the United States, the first to conduct a hot spot analysis of extreme obesity, and the
first to use a spatial regression approach to examine the association between extreme obesity and
mortality rates. It is also the first to explore spatial heterogeneity in the association between
county-level prevalence of extreme obesity and mortality. This study extended the application of
an accessible small area estimation technique to public health research. In this case, as is
common, small area estimation was necessary because the BRFSS, one of the predominant
surveys measuring health in this county, uses a sampling strategy designed to reliably describe
estimates at the national- and state-level, but not among counties. Small area estimates provide
local data capable of facilitating local action. Another strength of this study is the application of
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GWR, a relatively new technique, and even newer in the field of public health, to examine
spatial variation in the association between obesity groups and mortality.

Findings from this study reinforce the importance of examining prevalence at a sub-state level in
order to effectively identify the areas with the greatest burden and need. County-level estimates
allow for state and local health departments to more clearly identify jurisdictions where public
health interventions and efforts targeting extreme obesity may be most crucial.

5.5 Policy Recommendations and Future Research Directions
This dissertation identified counties, as well as hot spots of counties, that had high prevalence of
extreme obesity. These counties may need more treatment and prevention efforts to reduce rates
and arrest further increase of extreme obesity. Such supports might include funding for more
primary care providers and obesity specialists, environmental changes such as improved parks
and sidewalks, as well as public awareness campaigns differentiating classes of obesity.
Additionally, some of these counties did not show overall high prevalence of obesity and
therefore would not be identified as high-risk in an overall obesity analysis. Policymakers need
to understand that some populations may have more health problems than others due to uneven
variability of across increasing levels of BMI among populations with obesity. Further
exploration of these areas and the neighborhoods within them is important to validate the
findings and determine underlying causes.

Local areas benefit from being better informed, as extreme obesity increases the economic
burden, with larger direct medical costs and indirect productivity costs.7 To this end, more
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surveys or the collection of data at smaller areas is important so that small area estimation is not
required and prevalence can come from direct estimates. Small area estimation is useful, but to
more fully understand and impact communities that are affected, data is needed that allows for
local understanding of risk factors and correlates of very high BMI. Policy makers should
consider steps to improve the statistical infrastructure to allow for answers to important research
questions and targeted interventions.

Future research should also examine why some areas were found to have a stronger association
between extreme obesity and mortality rates than other areas. One potential hypothesis is that
those with extreme obesity in areas where high BMI is less common are somehow substantially
different than those with extreme obesity in areas where high BMI is more common. Further
studies should seek to identify if those with extreme obesity in the former may be more likely to
have health problems and related risk factors. One mechanism that could be supporting this
theory is the practice of healthcare avoidance by those with obesity, possibly due to experiences
of bias.8 Delayed or avoided preventative service use could lead to or exacerbate other chronic
conditions, thus placing the individual at further risk of mortality. Research is needed to
disaggregate the likelihood of healthcare avoidance by geographic area, as this could help shed
light on whether living in areas with high or low overall prevalence of extreme obesity had a
differential effect on usage of health care. A second hypothesis is that, although bariatric surgery
is understood to be among the most successful treatments for individuals with very high BMI,9
studies indicate that (in 2017) only one percent of the eligible population in the United States had
a bariatric procedure performed.10 Insurance coverage was found to play a greater role in state
variation of use of bariatric surgery than prevalence of obesity.10 The heightened association
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between extreme obesity and mortality identified in the present analysis may be related to more
limited insurance coverage in these areas. Further analysis should explore insurance coverage of
bariatric procedures by state or region to identify how this mediates the association between
extreme obesity and mortality.

Finally, a study similar to the one in this dissertation should be repeated using clinically
measured height and weight and direct estimates of extreme obesity. This could be done using
health insurance data, which would be expected to include provider-measured BMI and to
provide a large enough sample to directly measure prevalence rather than rely on small area
estimation. One potential scenario includes a sample from a commercial plan – another, the use
of data from a government plan such as Medicaid. While the findings from each may not be
entirely generalizable due to different population pools, individually or taken together this type
of study could provide less biased local prevalence. It would also allow for the study of the
association of extreme obesity with individual-level health conditions and other correlates.

In conclusion, this study identified substantial variability of county-level prevalence of extreme
obesity in the United States, and a significant contextual association between extreme obesity
and mortality. The prevalence of extreme obesity observed had a wider range than found when
examined among states and demonstrated substantial variation within states. Hot spots and cold
spots of extreme obesity were identified, and these areas did not always overlap with similar hot
and cold spots of moderate obesity. Extreme obesity was more strongly associated with mortality
than was moderate obesity. Additionally, the association between extreme obesity and mortality
varied spatially, showing a more pronounced association in some regions of the county.
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Conclusions from this work must be limited to a population-level interpretation and cannot be
assumed to apply to individual-level inference. These findings support the need for
disaggregation by obesity class and local geographies in ongoing obesity research.
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Appendix I. Weight classification system among adults
Classification

BMI

Disease risk

Study
classification

Underweight
Normal

<18.5
18.5—24.9

…
…

Overweight (Pre-obese)

25.0—29.9

Increased

Class I
Class II

30.0—34.9
35.0—39.9

Moderate
Severe

Moderate obesity

Class III (extreme obesity)

≥40.0

Very severe

Extreme obesity

Obesity

Modified from: World Health Organization. Obesity: Preventing and Managing the Global
Epidemic. Geneva: World Health Organization; 2000.
www.who.int/nutrition/publications/obesity/WHO_TRS_894/en/. Accessed June 8, 2017.
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Appendix II. National surveys, self-reported data, and obesity
The National Health and Nutrition Examination Survey (NHANES), which is an ongoing
nationally representative population survey that collects data on the health and nutritional status
of noninstitutionalized adults in the U.S. and includes a laboratory component. In these surveys,
height and weight is measured by a survey worker using standardized techniques and equipment.
BMI from this survey is considered the gold standard for obtaining survey-based population
estimates. A limitation, however, is that the average sample size of the NHANES is around 5,000
per wave, which is too small to allow for subnational estimates.[1]
The Behavioral Risk Factor Surveillance System (BRFSS), the National Survey on Drug Use and
Health (NSDUH), and most other large population representative surveys from which
researchers assess prevalence rely on self-reported height and weight to calculate BMI. Selfreported findings tend to show lower estimates of overweight and obesity due to over report of
height and, among women, underreport of weight.[2] However, issues notwithstanding, the
various surveys have differing focuses and an advantage of surveys like BRFSS and NSDUH is
that the large sample size allows for more localized estimates.[3]
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Appendix III. Geographic Aggregation Tool: preparation of data and description of use
Using SAS, a BRFSS dataset with complete cases to be used in the model was created;
respondents missing BMI, age, race/ethnicity, or county indicator were removed. Variable
summaries by county (FIPS5) were run for total observations. This dataset containing three
variables (FIPS5, total observation count, extreme obesity count) and 2,231 rows was then saved
as an Excel file for export into ArcMap. This Excel file was then called into ArcMap along with
a county shapefile. The files were joined by county and saved as a new shapefile, which was
imported into the data aggregation tool. Several levels of aggregation were explored using the
tool: total count = 5, 10, 25; allowing and restricting counties to merge across states. A
determination was made by visual inspection of the new geographies given the intent to combine
areas only when needed to ensure representation for each area. Because a small area estimation
approach was used after this step to create prevalence estimates, it was not necessary to obtain
geographical regions with enough observations to produce stable estimates. The final
aggregation setting used required each area contained 5 observations. The determination to
restrict counties from merging across states was made both because of the conceptualization of
counties nested within states in the multilevel models and to facilitate the internal validation
technique that compared state-level estimates. and the new geographic areas in this shapefile
were used for all aims in this dissertation.
Output from the GAT included a key file of all original counties (FIPS5) and the new geographic
areas (geo_new) to which each was assigned. This key was used to assign the new geographies
to all individual BRFSS records in order to run the MRP model, as well as to apply the new
geographies to all county-level covariate data.
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Appendix IV. Model specification for Multilevel Regression and Poststratification
Multilevel logistic regression models (also referred to as hierarchical generalized linear models
(HGLMs)) were run to account for the multilevel data and binary outcome. These models allow
for a transformation of the outcome variable using a nonlinear link function to account for the
non-normal distribution of the outcome variable. [1]
Model fitting indicated below. Note all models included county and state-level random effects.
Extreme obesity
Intercept
Individual-level
Sex 1
Sex 2
Race 1
Race 2
Race 3
Race 4
Race 5
Race 6
Race 7
Race 8
Age 1
Age 2
Age 3
Age 4
Age 5
Age 6
Age 7
Age 8
Age 9
Age 10
Age 11
Age 12
Age 13
County-level
Pov q1
Pov q2
Pov q3
Pov q4
Edu q1
Edu q2
Edu q3
Edu q4
Rural q1
Rural q2
Rural q3
Rural q4

Model 1
Est
-4.485

0.094

.

Model 2
Est
-4.649

-0.458
0.000
-0.176
0.586
-1.560
-0.390
0.192
-0.226
0.128
0.000
1.013
1.552
1.775
1.899
1.870
1.805
1.814
1.871
1.825
1.566
1.262
0.803
0.000

0.017
.
0.031
0.036
0.113
0.242
0.072
0.129
0.073
.
0.089
0.089
0.087
0.087
0.087
0.087
0.086
0.087
0.087
0.090
0.094
0.103
.

<.0001
.
<.0001
<.0001
<.0001
0.108
0.0075
0.0807
0.0815
.
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
.

-0.458
0.000
-0.169
0.596
-1.538
-0.376
0.176
-0.213
0.135
0.000
1.017
1.554
1.779
1.904
1.873
1.807
1.815
1.870
1.824
1.564
1.260
0.800
0.000

0.017
.
0.031
0.036
0.113
0.242
0.072
0.129
0.073
.
0.089
0.089
0.087
0.087
0.087
0.087
0.086
0.087
0.087
0.090
0.094
0.103
.

<.0001
.
<.0001
<.0001
<.0001
0.1203
0.0147
0.0997
0.0664
.
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
.

-------------

-------------

-------------

-0.082
-0.031
-0.032
0.000
0.395
0.355
0.264
0.000
0.006
0.042
0.032
0.000

0.051
0.047
0.044
.
0.061
0.050
0.041
.
0.055
0.051
0.050
.

0.1081
0.5044
0.467
.
<.0001
<.0001
<.0001
.
0.9068
0.409
0.5199
.

SE

p-value

SE

p-value
0.113

Model 3
Est
-4.687

SE

p-value
0.093

.

-0.458
0.000
-0.170
0.597
-1.540
-0.378
0.177
-0.214
0.134
0.000
1.018
1.554
1.778
1.903
1.872
1.807
1.815
1.870
1.824
1.564
1.260
0.800
0.000

0.017
.
0.031
0.036
0.113
0.242
0.072
0.129
0.073
.
0.089
0.089
0.087
0.087
0.087
0.087
0.086
0.087
0.087
0.090
0.094
0.103
.

<.0001
.
<.0001
<.0001
<.0001
0.1187
0.0138
0.0983
0.0678
.
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
.

----0.430
0.387
0.285
0.000
-----

----0.045
0.040
0.037
.
-----

----<.0001
<.0001
<.0001
.
-----
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Covariance estimates
State random effects
County random
effects
-2L PseudoL

0.03743

0.01062

0.01710

0.006166

0.01747

0.006218

0.1863

0.01414

0.1523

0.01266

0.1519

0.01260

2545388

2545729

2545636

Moderate obesity
Intercept
Individual-level
Sex 1
Sex 2
Race 1
Race 2
Race 3
Race 4
Race 5
Race 6
Race 7
Race 8
Age 1
Age 2
Age 3
Age 4
Age 5
Age 6
Age 7
Age 8
Age 9
Age 10
Age 11
Age 12
Age 13
County-level
Pov q1
Pov q2
Pov q3
Pov q4
Edu q1
Edu q2
Edu q3
Edu q4
Rural q1
Rural q2
Rural q3
Rural q4

Model 1
Est
-1.442

SE

p-value

Model 2
Est
-1.602

SE

p-value

0.032

.

0.045

0.132
0.000
-0.313
0.134
-1.329
-0.096
0.019
-0.275
-0.136
0.000
-0.206
0.286
0.477
0.592
0.640
0.678
0.703
0.714
0.753
0.748
0.653
0.464
0.000

0.008
.
0.014
0.018
0.038
0.093
0.035
0.054
0.036
.
0.025
0.026
0.025
0.025
0.025
0.025
0.024
0.025
0.025
0.026
0.027
0.029
.

<.0001
.
<.0001
<.0001
<.0001
0.2992
0.598
<.0001
0.0002
.
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
.

0.132
0.000
-0.310
0.139
-1.319
-0.090
0.012
-0.268
-0.133
0.000
-0.204
0.288
0.479
0.594
0.642
0.679
0.704
0.714
0.753
0.747
0.652
0.463

0.008
.
0.014
0.018
0.038
0.093
0.035
0.054
0.036
.
0.025
0.026
0.025
0.025
0.025
0.025
0.024
0.025
0.025
0.026
0.027
0.029

<.0001
.
<.0001
<.0001
<.0001
0.3331
0.7286
<.0001
0.0002
.
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

-------------

-------------

-------------

0.012
0.006
-0.001
0.000
0.335
0.251
0.174
0.000
0.031
0.035
0.011
0.000

0.026
0.024
0.023
.
0.031
0.026
0.021
.
0.028
0.026
0.025
.

0.5627
0.7963
0.9606
.
<.0001
<.0001
<.0001
.
0.2659
0.1749
0.6594
.

Model 3
Est
-1.577

SE

p-value
0.031

.

0.132
0.000
-0.311
0.139
-1.320
-0.090
0.011
-0.268
-0.134
0.000
-0.204
0.288
0.479
0.594
0.641
0.679
0.704
0.714
0.753
0.747
0.652
0.463

0.008
.
0.014
0.018
0.038
0.093
0.035
0.054
0.036
.
0.025
0.026
0.025
0.025
0.025
0.025
0.024
0.025
0.025
0.026
0.027
0.029

<.0001
.
<.0001
<.0001
<.0001
0.3298
0.755
<.0001
0.0002
.
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

----0.320
0.246
0.173
0.000
-----

----0.023
0.021
0.019
.
-----

----<.0001
<.0001
<.0001
.
-----
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Covariance estimates
State random effects

0.01557

0.004011

0.008673

0.002527

0.008320

0.002420

County random effects

0.05948

0.003988

0.04386

0.003413

0.04358

0.003397

-2L PseudoL

1904142

1903845

1903741

SAS syntax for final models chosen
proc glimmix data=final noclprint;
class sex race2 _ageg5yr eduqrt rurqrt GATid _state;
model exob (event='1') = sex race2 _ageg5yr eduqrt / solution dist=binary;
random GATid _state /solution;
weight res_wt;
ods output
parameterEstimates=beta_fixed
SolutionR=beta_random;
run;
proc glimmix data=final noclprint;
class sex race2 _ageg5yr eduqrt rurqrt GATid _state;
model modob (event='1') = sex race2 _ageg5yr eduqrt / solution dist=binary;
random GATid _state /solution;
weight res_wt;
ods output
parameterEstimates=beta_fixed
SolutionR=beta_random;
run;

Reference
[1] Mihaela Ene, Elizabeth A. Leighton, Genine L. Blue, and Bethany A. Bell. Multilevel
Models for Categorical Data Using SAS® PROC GLIMMIX: The Basics. SAS Paper 34302015. Accessed: https://support.sas.com/resources/papers/proceedings15/3430-2015.pdf on Mar
15, 2018.
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Appendix V. Weighted prevalence of extreme and moderate obesity by individual-level model
covariates used for estimating predicted risk, United States, BRFSS 2012*

Variable

Extreme obesity
Prevalence
95% CI
(%)
4.0
3.9 4.1

Overall
Sex
Male
3.2
3.0
Female
4.9
4.7
Age group, years
18-24
2.2
1.9
25-29
3.6
3.1
30-34
4.7
4.2
35-39
5.4
4.8
40-44
5.2
4.7
45-49
4.7
4.3
50-54
4.7
4.3
55-59
4.9
4.5
60-64
5.2
4.8
65-69
3.8
3.5
70-74
3.0
2.6
75-79
1.9
1.5
80 and older
0.7
0.6
Race/ethnicity
White
3.6
3.5
Black
7.6
7.0
Hispanic
3.9
3.5
Asian
0.7
0.3
Hawaii Native/Pacific
3.5
1.5
Islander
American Indian/Alaska
5.2
4.2
Native
Other race
2.6
1.8
Multiracial
4.1
3.3
*Includes data from all 50 states and Washington, D.C.

Moderate obesity
Prevalence
95% CI
(%)
23.7
23.4 23.9

3.3
5.0

24.8
22.5

24.5 25.2
22.1 22.8

2.5
4.1
5.2
5.9
5.6
5.1
5.1
5.3
5.6
4.2
3.4
2.4
0.9

12.8
20.1
22.7
25.8
26.2
27.3
28.0
28.3
28.2
28.0
26.0
22.1
15.3

12.1
19.1
21.8
24.8
25.3
26.4
27.1
27.5
27.3
27.2
25.1
21.2
14.3

13.6
21.1
23.6
26.9
27.2
28.3
28.8
29.2
29.0
28.9
26.9
23.1
16.2

3.8
8.1
4.3
1.0
5.4

22.8
30.2
26.4
9.1
22.4

22.6
29.2
25.4
7.8
17.4

23.1
31.1
27.4
10.4
27.4

6.3

28.5

26.3 30.8

3.4
4.8

21.6
25.6

18.9 24.3
23.5 27.7
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Appendix VI. Comparison of model predicted prevalence estimates with direct unweighted
estimates, extreme and moderate obesity.
Among counties with 50+ observations

Among counties with 100+ observations

Among counties with 300+ observations
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Appendix VII. Sensitivity analysis comparing results from Local Moran’s Index using queen,
rook, and k-nearest neighbor weights
Extreme obesity
Weight: Queen contiguity, order of contiguity=1
Moran’s I: 0.351998, z-value: 28.2304, pseudo p value: 0.001

Weight: Rook contiguity, order of contiguity=1
Moran’s I: 0.35553, z-value: 27.9003, pseudo p value: 0.001

Weight: k-Nearest Neighbors, number of neighbors=4
Moran’s I: 0.351832, z-value: 24.5599, pseudo p value 0.001
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(con’t) Moderate obesity, County results – model-predicted estimates
Weight: Queen contiguity, order of contiguity=1
Moran’s I: 0.375958, z-value: 29.5036, pseudo p value: 0.001

Weight: Rook contiguity, order of contiguity=1
Moran’s I: 0.381277, z-value: 30.3284, pseudo p value: 0.001

Weight: k-Nearest Neighbors, number of neighbors=4
Moran’s I: 0.394149, z-value: 25.9153, pseudo p value: 0.001
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Appendix VIII. Depiction of two urban classification schemes, United States contiguous states,
2010 United States Census

Core Based Statistical Areas (CBSAs) – CBSAs are comprised of a county or counties (or
equivalent) with one or more urbanized areas of at least 10,000 people. They are divided into
metropolitan (50,000 people or greater) and micropolitan areas (10,000 to less than 50,000 people).

Urban areas – densely settled core of census tracts that meet minimum density requirement.
https://www.census.gov/geo/reference/gtc/gtc_cbsa.html
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Appendix IX. Processing outcome and covariate data
County-level data for outcomes and all covariates was obtained from cited data sources. In order
to combine data from counties that were previously aggregated when estimating extreme and
moderate obesity in Chapter 2, responses were weighted to their population size and then
averaged across combined areas calculated using the Geographic Aggregation Tool (GAT areas)
when necessary. Although data selected for inclusion in this study was vetted for thoroughness,
due to the paucity of available county-level data some variables had missing data for a small
proportion of counties. A two-tiered approach was taken to impute missing values prior to
aggregation. First, for a county with missing data for a covariate that was inside a GAT area, the
average of the other county or counties comprising the GAT was assigned to the county. Second,
for a county with missing data for a covariate that was not within a GAT, or when all counties
within a GAT were missing data, the average response to the two counties on either side
numerically was assigned to the county. This second approach was required to ensure complete
data for rates of primary care providers (n=5) and preventable hospitalizations (n=3), current
smoking (n=103), and air pollution (n=1).
There were four counties with mortality rates that had an unreliable flag (Kenedy County, TX,
McPherson County, NE, Slope County, ND, and Billings County, ND) and two counties whose
data was suppressed (King County, TX and Loving County, TX). Age-adjusted mortality rates
are suppressed when the rate’s numerator contains fewer than 20 deaths. [1] All six of these
counties were part of aggregated areas. Counties with an unreliable flag were then averaged
together with other counties in the associated GAT to obtain a GAT-level rate. Rates for the two
counties with suppressed data were obtained the first-tier approach described above.

Reference
[1] Murphy SL, Kochanek KD, Xu J, Heron M. Deaths: Final Data for 2012. Natl Vital Stat Rep
Cent Dis Control Prev Natl Cent Health Stat Natl Vital Stat Syst. 2015;63(9):1-117.
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Appendix X. Scatterplot showing association between age-adjusted mortality and all variables
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Appendix XI. Model specification for multivariate regression in Chapter 4
Model fitting indicated using OLS regression below.
Extreme obesity
Model 1

Model 2

tpvalue value
Intercept 625.37680 7.69784 81.24 <.0001
exob
40.75620 1.53205 26.60 <.0001
pcp
--uninsured
--prev_hosp
--smoke
--poverty
--gini
--rural
--lim_food
--pollution
--Estimate

Root
MSE
R-Square
Adj R-Sq

Std err

Estimate

Model 3
Std err

298.14616 32.23351
12.76661 1.19230
-0.02219 0.06786
1.09444 0.43007
1.56437 0.08045
6.22463 0.34865
6.34692 0.47975
16.11609 73.11867
0.08558 0.07168
0.24403 0.40310
7.49893 1.19708

tvalue
9.25
10.71
-0.33
2.54
19.45
17.85
13.23
0.22
1.19
0.61
6.26

pvalue
<.0001
<.0001
0.7437
0.0110
<.0001
<.0001
<.0001
0.8256
0.2327
0.5450
<.0001

VIF
0
1.35219
1.67914
1.79868
1.60461
1.53558
3.03544
2.17153
1.52200
1.27521
1.27162

tpVIF
value value
302.71556 15.52565 19.50 <.0001 0
13.01496 1.16140 11.21 <.0001 1.28416
--1.18012 0.41373
2.85 0.0044 1.66607
1.57947 0.07898 20.00 <.0001 1.54813
6.32343 0.33583 18.83 <.0001 1.42603
6.44842 0.37744 17.08 <.0001 1.88047
------7.47110 1.18022
6.33 <.0001 1.23717
Estimate

113.50817

75.96653

75.93233

0.2423
0.2420

0.6620
0.6605

0.6617
0.6608

Std err
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Order of variable removal with backward selection for extreme obesity model: GINI, PCP, limited food, rural
Summary of Backward Elimination – extreme obesity
Step Variable Label
Removed

Number
Partial
Model
Vars In R-Square R-Square

C(p) F Value Pr > F

1 gini

gini

9

0.0000

0.6620 9.0486

0.05 0.8256

2 pcp

pcp

8

0.0000

0.6620 7.1189

0.07 0.7908

3 lim_food lim_food

7

0.0001

0.6619 5.4817

0.36 0.5468

4 rural

6

0.0002

0.6617 5.0120

1.53 0.2159

rural

proc reg data=mort;
model aarate_wt = exob pcp uninsured prev_hosp smoke poverty gini rural lim_food pollution /
selection = backward
tol vif;
run;
quit;
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Moderate obesity
Model 1

Model 2

tpvalue value
Intercept 335.24343 14.84749 22.58 <.0001
Mod ob
18.60534 0.56335 33.03 <.0001
pcp
--uninsured
--prev_hosp
--smoke
--poverty
--gini
--Estimate

Std err

Estimate

Model 3
Std err

154.60285 33.62091
7.47107 0.49485
0.06102 0.06674
1.03133 0.41954
1.44735 0.07926
5.96860 0.34133
6.19513 0.46418
62.97164 71.53618
0.07102
0.39597
1.16586

tvalue
4.60
15.10
0.91
2.46
18.26
17.49
13.35
0.88

pvalue
<.0001
<.0001
0.3607
0.0140
<.0001
<.0001
<.0001
0.3788

VIF
0
1.59735
1.70352
1.79530
1.63390
1.54364
2.98037
2.18010

-0.94 0.3477 1.56683
-0.68 0.4957 1.29060
7.35 <.0001 1.26508

Estimate

Std err

176.70004 19.88079
7.31106 0.48220
0.09991 0.05972
1.06050 0.41327
1.44891 0.07885
5.89534 0.33542
6.35981 0.36712
---

rural
lim_food
pollution

-------

-0.06671
-0.26978
8.57182

----8.61359

Root
MSE
R-Square
Adj R-Sq

106.72524

74.17605

74.16290

0.3302
0.3298

0.6777
0.6763

0.6774
0.6764

1.15029

tvalue
8.89
15.16
1.67
2.57
18.37
17.58
17.32

pvalue
<.0001
<.0001
0.0945
0.0103
<.0001
<.0001
<.0001

VIF
0
1.51725
1.36443
1.74262
1.61758
1.49119
1.86491

7.49 <.0001 1.23195

167

Order of variable removal with backward selection for moderate obesity model: limited food, rural, GINI
Summary of Backward Elimination
Step Variable Label
Removed

Number
Partial
Model
Vars In R-Square R-Square

C(p) F Value Pr > F

1 lim_food lim_food

9

0.0001

0.6777 9.4642

0.46 0.4957

2 rural

rural

8

0.0001

0.6776 8.1011

0.64 0.4249

3 gini

gini

7

0.0002

0.6774 7.2178

1.12 0.2907

proc reg data=mort;
model aarate_wt = modob pcp uninsured prev_hosp smoke poverty gini rural lim_food pollution /
selection = backward
tol vif;
run;
quit;
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Appendix XII. GWR Specification in R
# load libraries
library(rgdal)
library(spgwr)
library(GWmodel)
library(maptools)
library(spdep)

library purpose/function below
# to read in/export shapefile
# runs GWR
# also runs GWR, used for Monte Carlo testing
# spatial data handling
# spatial dependence, spatial regression modeling

# import data file (shapefile)
> mort<readOGR("/Users/carrie/Dropbox/Dissertation/data/shapefiles","mort_final_7.21.18_good")
# EXTREME OBESITY
# 1 - select bandwidth
# adaptive kernel w Gaussian distribution selected, but other AICs of fixed kernels and bisquare
distribution assessed
#(a) Adaptive Gaussian
> bwGex.ag <- gwr.sel(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
data=mort, adapt=T, method="aic", gweight=gwr.Gauss, verbose=TRUE)
Bandwidth: 0.381966 AIC: 25344.97
Bandwidth: 0.618034 AIC: 25393.73
Bandwidth: 0.236068 AIC: 25284.11
Bandwidth: 0.145898 AIC: 25208.2
Bandwidth: 0.09016994 AIC: 25117.39
Bandwidth: 0.05572809 AIC: 25006.25
Bandwidth: 0.03444185 AIC: 24875.31
Bandwidth: 0.02128624 AIC: 24759.94
Bandwidth: 0.01315562 AIC: 24681.53
Bandwidth: 0.008130619 AIC: 24663.68
Bandwidth: 0.006807849 AIC: 24683.59
Bandwidth: 0.01003697 AIC: 24664.31
Bandwidth: 0.00885878 AIC: 24662.99
Bandwidth: 0.008932082 AIC: 24663.49
Bandwidth: 0.008543864 AIC: 24661.62
Bandwidth: 0.008386018 AIC: 24662.12
Bandwidth: 0.008584554 AIC: 24661.58
Bandwidth: 0.008625244 AIC: 24661.74
Bandwidth: 0.008584554 AIC: 24661.58
>
#(b) Adaptive Bisquare
> bwGex.ab <- gwr.sel(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
data=mort, adapt=T, method="aic", gweight=gwr.bisquare, verbose=TRUE)
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#(c) Fixed Gaussian
> bwGex.fg <- gwr.sel(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
data=mort, method="aic", gweight=gwr.Gauss, verbose=TRUE)
#(d) Fixed Bisquare
> bwGex.fb <- gwr.sel(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
data=mort, method="aic", gweight=gwr.bisquare, verbose=TRUE)
Bandwidth: 2030591 AIC: 25259.94
Bandwidth: 3282284 AIC: 25412.02
Bandwidth: 1257001 AIC: 25026.05
Bandwidth: 778896.8 AIC: 24884.4
Bandwidth: 483412 AIC: 24833.01
# 2 - run model – (a) Adaptive Gaussian
> gwrGex.ag <- gwr(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
data=mort, adapt=bwGex.ag, gweight=gwr.Gauss, hatmatrix=T, se.fit=T)
> gwrGex.ag
Call:
gwr(formula = aarate_w ~ exob + uninsure + prev_hos + smoke +
poverty + pollutio, data = mort, gweight = gwr.Gauss, adapt = bwGex.ag,
hatmatrix = T, se.fit = T)
Kernel function: gwr.Gauss
Adaptive quantile: 0.008584554 (about 19 of 2215 data points)
Summary of GWR coefficient estimates at data points:
Min. 1st Qu. Median 3rd Qu.
Max. Global
X.Intercept. -648.0000 256.6000 445.7000 651.2000 3829.0000 302.7156
exob
-11.1700 1.6030 7.6220 14.3500 38.2500 13.0150
uninsure -15.0000 -4.0780 -1.4790 1.1620 13.8900 1.1801
prev_hos
-0.1470 0.9411 1.3940 1.8140 4.1180 1.5795
smoke
-3.6740 3.8360 5.4860 7.0310 14.7200 6.3234
poverty
-1.6670 3.7850 5.8820 8.0140 14.3700 6.4484
pollutio -257.5000 -14.6600 4.5740 19.3000 105.9000 7.4711
Number of data points: 2215
Effective number of parameters (residual: 2traceS - traceS'S): 446.3438
Effective degrees of freedom (residual: 2traceS - traceS'S): 1768.656
Sigma (residual: 2traceS - traceS'S): 59.81824
Effective number of parameters (model: traceS): 319.4218
Effective degrees of freedom (model: traceS): 1895.578
Sigma (model: traceS): 57.78092
Sigma (ML): 53.45255
AICc (GWR p. 61, eq 2.33; p. 96, eq. 4.21): 24661.58
AIC (GWR p. 96, eq. 4.22): 24231.38
Residual sum of squares: 6328644
Quasi-global R2: 0.8318212
>
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# 3 – Monte Carlo test for nonstationarity
(i) Re-calculate bandwidth because using a different package (GWmodel)
bw.ex.monte <- bw.gwr(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
mort, approach="AIC",kernel="gaussian", adaptive=T)
bw.ex.monte
(ii) Run Monte Carlo (randomization) test for significance of GWR parameter variability
mc_ex <- gwr.montecarlo(aarate_w ~ exob + uninsure + prev_hos + smoke + poverty + pollutio,
data=mort, nsims=99, kernel="gaussian", adaptive=T, bw=bw.ex.monte)
#write out shapefile to import into QGIS
writeSpatialShape(gwrGex.ag$SDF, "GWR_Results_ex_ag")
# 4 - moran's i test of residuals
(i) creates a Queens contiguity matrix
qn.cont.mat <- poly2nb(mort)
(ii) turns it into a list
newlist <- nb2listw(qn.cont.mat, zero.policy=TRUE)
(iii) conducts moran's test
gwr.morantest(gwrGex.ag, newlist)
> gwr.morantest(gwrGex.ag, newlist)
Leung et al. 2000 three moment approximation for Moran's I
data: GWR residuals
statistic = 16906, df = 18568, p-value < 2.2e-16
sample estimates:
I
0.0401728

# MODERATE OBESITY
# 1 - select bandwidth
# adaptive kernel w Gaussian distribution selected, but other AICs of fixed kernels and bisquare
distribution assessed
#(a) Adaptive Gaussian
> bwGmod.ag <- gwr.sel(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty +
pollutio, data=mort, adapt=T, method="aic", gweight=gwr.Gauss, verbose=TRUE)
Bandwidth: 0.381966 AIC: 25236.31
Bandwidth: 0.618034 AIC: 25285.9
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Bandwidth: 0.236068 AIC: 25174.84
Bandwidth: 0.145898 AIC: 25098.37
Bandwidth: 0.09016994 AIC: 25003.76
Bandwidth: 0.05572809 AIC: 24894.79
Bandwidth: 0.03444185 AIC: 24771.45
Bandwidth: 0.02128624 AIC: 24664
Bandwidth: 0.01315562 AIC: 24604.15
Bandwidth: 0.008130619 AIC: 24622.47
Bandwidth: 0.01282184 AIC: 24603.3
Bandwidth: 0.01202804 AIC: 24601.87
Bandwidth: 0.01053936 AIC: 24602.63
Bandwidth: 0.01153365 AIC: 24602.3
Bandwidth: 0.01233124 AIC: 24602.18
Bandwidth: 0.01196283 AIC: 24601.9
Bandwidth: 0.01206873 AIC: 24601.87
Bandwidth: 0.01210942 AIC: 24601.87
Bandwidth: 0.01206873 AIC: 24601.87
>
#(b) Adaptive Bisquare
> bwGmod.ab <- gwr.sel(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty +
pollutio, data=mort, adapt=T, method="aic", gweight=gwr.bisquare, verbose=TRUE)
#(c) Fixed Gaussian
> bwGmod.fg <- gwr.sel(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty +
pollutio, data=mort, method="aic", gweight=gwr.Gauss, verbose=TRUE)
#(d) Fixed Bisquare
> bwGmod.fb <- gwr.sel(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty +
pollutio, data=mort, method="aic", gweight=gwr.bisquare, verbose=TRUE)
# 2 - run model – (a) Adaptive Gaussian
> gwrGmod.ag <- gwr(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty +
pollutio, data=mort, adapt=bwGmod.ag, gweight=gwr.Gauss, hatmatrix=T, se.fit=T)
> gwrGmod.ag
Call:
gwr(formula = aarate_w ~ modob + pcp + uninsure + prev_hos +
smoke + poverty + pollutio, data = mort, gweight = gwr.Gauss,
adapt = bwGmod.ag, hatmatrix = T, se.fit = T)
Kernel function: gwr.Gauss
Adaptive quantile: 0.01206873 (about 26 of 2215 data points)
Summary of GWR coefficient estimates at data points:
Min. 1st Qu. Median 3rd Qu.
Max. Global
X.Intercept. -383.70000 160.40000 351.30000 521.60000 2155.00000 176.7000
modob
-0.08327 4.50200 5.88600 7.64800 13.08000 7.3111
pcp
-0.93750 -0.14630 0.06002 0.25410 1.13200 0.0999
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uninsure -13.57000 -3.90900 -1.79100 0.14220 9.13000 1.0605
prev_hos
-0.43480 0.84920 1.20400 1.57600 3.35500 1.4489
smoke
-2.64000 3.66700 5.15500 6.40100 13.40000 5.8953
poverty
0.10690 4.55500 6.01500 7.62700 12.51000 6.3598
pollutio -127.30000 -11.52000 5.36100 18.11000 91.73000 8.6136
Number of data points: 2215
Effective number of parameters (residual: 2traceS - traceS'S): 382.1673
Effective degrees of freedom (residual: 2traceS - traceS'S): 1832.833
Sigma (residual: 2traceS - traceS'S): 59.6356
Effective number of parameters (model: traceS): 272.5506
Effective degrees of freedom (model: traceS): 1942.449
Sigma (model: traceS): 57.92848
Sigma (ML): 54.24755
AICc (GWR p. 61, eq 2.33; p. 96, eq. 4.21): 24601.87
AIC (GWR p. 96, eq. 4.22): 24249.91
Residual sum of squares: 6518294
Quasi-global R2: 0.8267814
>
# 3 – Monte Carlo test for nonstationarity
(i) Re-calculate bandwidth because using a different package (GWmodel)
bw.mod.monte <- bw.gwr(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty +
pollutio, mort, approach="AIC",kernel="gaussian", adaptive=T)
bw.mod.monte
(ii) Run Monte Carlo (randomization) test for significance of GWR parameter variability
mc_mod <- gwr.montecarlo(aarate_w ~ modob + pcp + uninsure + prev_hos + smoke + poverty
+ pollutio, data=mort, nsims=99, kernel="gaussian", adaptive=T, bw=bw.mod.monte)
#write out shapefile to import into QGIS
writeSpatialShape(gwrGmod.ag$SDF, "GWR_Results_mod_ag")
# 4 - moran's i test of residuals
(i) creates a Queens contiguity matrix
qn.cont.mat <- poly2nb(mort)
(ii) turns it into a list
newlist <- nb2listw(qn.cont.mat, zero.policy=TRUE)
(iii) conducts moran's test
gwr.morantest(gwrGex.ag, newlist)
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Appendix XIII. Comparison of Akaike Information Criterion (AIC) values computed during
bandwidth selection

Extreme obesity
AIC
Moderate obesity
AIC

Adaptive bandwidth
Gaussian
Bisquare

Fixed bandwidth
Gaussian
Bisquare

24661.58

24688.78

24813.44

24833.01

24601.87

24624.61

24713.26

24733.94
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Appendix XIV. Local R-squared values for adjusted model examining extreme obesity on
mortality
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Appendix XV. Local R-squared values for adjusted model examining moderate obesity on
mortality
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Appendix XVI. Local residuals for adjusted model examining extreme obesity on mortality
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Appendix XVI.I Local residuals for adjusted model examining moderate obesity on mortality
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